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ABSTRACT
When an injured worker returns to work, their return to work is
influenced by a variety of factors including the injured worker’s true
work capacity, the availability of work to return to, and the injured
worker’s motivation to return to work.

There is strong evidence in the literature associating Absenteeism with
receiving compensation payments or having a lawyer involved, with
workplace climate factors including job satisfaction and job strain,
increasing age and with the presence of co-morbidity (particularly
mental health related).

Worker expectations (which to a degree

reflected that of their treating professionals) were a predictor of
Return-to-Work outcome.

There was weaker evidence associating

Female Gender, Smoking and Short Service in the current job with
Absenteeism.

No studies have attempted to predict Return-to-Work outcomes on the
basis of the information available at the time of the Injured Worker
lodging a worker’s compensation claim.

This thesis sets out to, using the data as collected by the commonly
accepted practice, to determine if it is possible to identify which
factors influence an Injured Worker’s Return to Work, and can we
predict at the time of claim lodgement which Injured Worker’s claims
will become Tail Claims?
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Data was obtained from two sources within Australia, one being a
NSW Self-insurer, and the other being a different Australian workers
compensation jurisdiction (WorkSafe VIC). A combined total of 9048
cases were analysed. Study entry was having a claim notified to each
of the two organizations as being a significant injury (by virtue of time
lost or financial expenditure) in the four months following 01 April
2007. Study exit was at either being certified fit for pre-injury duties,
or their medical certification at 4 months post insurer notification.

Both organisations providing data used the same Notification of Injury
and Medical Certificate forms.

Information was extracted by the

organization, de-identified, and submitted for analysis.

Although

using common forms, and collecting common data, the data submitted
differed between the organizations, with neither organisation being
able to extract all of the information collected at the time of claim
lodgment.

This research has found that although it is not possible to predict
Return-to-Work outcomes by Multiple Regression analysis of existing
data, there are multiple associations with Return-to-Work outcomes
buried within the data. This research did find associations between
(older) Age, Diagnosis, Mechanism of Injury, Bodily Location of
Injury and Return-to-Work Outcome.

Although present, these

associations were either too small, or diluted by the large number of
sub-groups such that they are unable to be used to build a predictive
model with these Data Sets.
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There was a consistent trend for Female gender to be associated with a
prolonged Return-to-Work outcome. No significant relationship was
found between Type of Employment, Occupation Income, Work
Hours, Workplace Size, Industry and Return-to-Work outcomes.

In summary, although this researcher found that although it is not
possible to predict return-to-work outcomes by multiple regression
analysis of the existing data, there are multiple associations with
return-to-work outcomes buried within the data.

Many of the short comings of this work could be solved if the work
could be performed prospectively, with the information collected
specifically designed for this purpose. Then through a combination of
better data management (including cleaning of data, collapsing of
categories, eliminating ambiguity and overlap of definitions, and
improved accessibility), expanding the questions asked at the time of
claim lodgement (to include potentially predictive data identified by
the literature), and utilising different analytic tools (applying data
mining techniques before developing regression models) it may
possible to markedly improve the predictability of return-to-work
outcomes at the time of claim lodgement. This would create the
opportunity for early intervention for potential problem cases to be
addressed early in the claims process, possibly significantly reducing
time lost from work.
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CHAPTER ONE
FRAMING THE RESEARCH PROBLEMS

1.1

The Research Context

This thesis was conducted within the discipline of Health Informatics,
applying Statistical and Data Mining techniques to workers
compensation study populations.

The discipline of Health Informatics deals with the resources, devices,
and methods required to optimise the acquisition, storage, retrieval,
and use of information in health and biomedicine.

Data Mining is a process of extracting patterns from data.

It is

commonly used in a wide range of profiling practices, such as
marketing, surveillance, fraud detection and scientific discovery. It is
a research technique consisting of the exploration and analysis of data
to discover meaningful patterns and rules (1). These techniques are
used to determine the presence and strength of relationships between a
variety of factors and an Injured Worker’s Return-to-Work outcome,
and to investigate data for meaningful patterns and rules.

Page |2
1.2

Workers Compensation Systems

Workers compensation systems are designed to provide an injured
worker who sustains a work-related illness or injury with the support
they need to enable them to be rehabilitated back into the paid
workforce. In Australia the workers compensation systems are at least
partially funded through employers paying an insurance premium to a
workers compensation insurer. The workers compensation insurer is
responsible for interfacing with the injured worker, and to ensure that
the injured worker is provided with all of his/her entitlements.

Australian workers compensation systems operate by providing the
injured worker with a period of financial support whilst they are
unable to perform their usual duties (their Pre-Injury Duties, or
“P.I.D.”), and by funding their reasonable and necessary medical
costs.

These workers compensation systems may also have a

mechanism by which the injured worker’s litigation is funded, or by
which payments are made for disability arising from a work-related
injury or illness (for example, by providing financial payments for
impairment and pain and suffering). By their very nature therefore,
these workers compensation systems provide financial benefits for the
injured worker to remain off work, to be given treatment, and to
litigate. There may also be a financial cost (or perceived punishment)
to the employer of the injured worker through increased workers
compensation insurance premiums.
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When a worker sustains an injury or illness at work (with the Date of
Injury, or “D.O.I.”, representing the date on which this injury or illness
occurred, or was deemed to have occurred), in an environment where
there is a workers compensation scheme a series of decisions are
made. The first decision to be made is whether or not this injured
worker applies for workers compensation benefits. This decision may
be made either by the injured worker (by for example by they
choosing not to declare their injury by notifying it), by their employer,
or by a third party (as in the example of a catastrophic injury).

The workers compensation insurance agent is then required to make a
determination on this injured worker’s eligibility to receive workers
compensation benefits. This determination is made on the basis of
pre-determined criteria. Provisional liability for payment of the injury
associated costs (and provisional access to workers compensation
benefits) may be offered during the initial time period following
lodgement of this claim whilst final determination on eligibility (or
liability) is being made. Decisions regarding claims liability can be
subsequently changed (ceased) or disputed (through a legal process).

If an injured worker requires time away from their P.I.D. they are
required to obtain a medical certificate from their Treating Doctor
stating that they are unfit to perform work duties (“Unfit”). At some
later time, as the injured worker progresses through the workers
compensation system, they will be provided with further medical
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certificates enabling them to return to work either on Modified Duties
(or Alternate Duties), and finally to their P.I.D.. The length of time
between the D.O.I. and P.I.D. is a commonly used indicator of
performance (and indirectly of cost) of the workers compensation
system.

When a worker sustains an injury or illness they are given an
administrative label to describe this (being the diagnosis as written on
the injured worker’s medical certificate). This stated label may or may
not be medically accurate, it may be specific or non-specific, and it
may change over time (for example as the results of more
investigations become available, or as the symptom complex changes).
Different treating doctors may interpret and apply the same diagnosis
(or label) differently, both between their own patients and as compared
with other treating doctors.

Not all workers who sustain a work-related injury lodge a claim for
their eligible workers compensation benefits. Potential reasons for not
lodging a claim after sustaining a work-related injury include; the
effect of claiming on their workers compensation insurance premiums
(for a self-employed worker for example), the administrative burden
associated with lodging a claim, the perceived social stigma of being
in receipt of workers compensation benefits, and the perceived adverse
effect on their future employability of having been in receipt of
workers compensation benefits.
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Not all workers who lodge a claim for workers compensation benefits
either have an injury or condition for which they are eligible for
workers compensation benefits (for example, a worker who sustains an
injury whilst on holiday but who lodges a claim on their returning to
work to claim these benefits), or have any injury or condition at all
(for example, the lodgement of fraudulent claims for financial or other
benefit).

In theory, the treating doctor should certify the injured worker’s work
capacity on their medical certificate.

In practice however, some

treating doctors certify an injured worker Unfit because of the belief
that the injured worker’s employer will not be able to offer the injured
worker Modified Duties, or at the request of the injured worker.

When an injured worker returns to work, their Return-to-Work is
influenced by a variety of factors including the injured worker’s true
work capacity, the availability of work to return to, and the injured
worker’s motivation to return to work. There is thought to be a poor
correlation

between

Return-to-Work

outcomes

and

physical

impairment or demographic variables, suggesting that delayed Returnto-Work outcomes are due to other factors (2). Demographic variables
are data describing the numerical characteristics of a population.
Examples of such variables include age, gender, income, education,
ethnicity, religion and profession.
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Any analysis of Return-to-Work outcomes in a workers compensation
environment based on medical certification is clouded by factors
including:
•

Some injured worker’s not having an injury,

•

inaccuracies of the diagnostic label,

•

medical certificates not accurately reflecting an injured
worker’s true work capacity, and

•

The decision to R.T.W. being influenced by factors other than
true work capacity.

The progression of a worker who sustains a work-related injury or
illness is summarised diagrammatically (Figure 1).
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Figure 1 – The Workers Compensation Process

Worker suffers a work-related illness
or injury
Worker goes off work
(Absenteeism)
Worker lodges workers compensation
claim

Rapid R.T.W.

Worker stays at work
(Presenteeism)

Worker does not lodge workers
compensation claim

Prolonged
RTW

Research shows that being out of work for extended periods of time is
bad for a person’s health. As depicted in Figure 2, the longer someone
spends away from work, the less likely they will ever return (3).
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Figure 2 – Likelihood of return to work after various lengths of
time off work (from 1).

There is also good evidence to suggest that people who are injured and
claim compensation for that injury have poorer health outcomes that
people who suffer similar injuries but are not involved in the
compensation process (4).

This Thesis analyses the “Prolonged R.T.W.” subgroup.

This

subgroup is the most expensive to the system and with the most
detrimental outcomes. For example, in the case of non-specific lower
back pain, one author estimates that less than 10% of the cases account
for more than 70% of the costs. (5)
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1.3

Terminology

Absenteeism (also referred to in the literature as Sickness Absence)
can be defined as an absence from work which the employee attributes
to sickness or injury and the employer accepts as such (6). A good
definition of Presenteeism is when employees remain at work impaired
by an illness, injury or medical condition (when they should not) (7).

Absenteeism and Presenteeism categorise a worker according to their
presence or absence from the workplace.

Impairment, Disability and Handicap are other terms discussed in this
field of literature. These are related, but distinct concepts categorising
workers by their level of functioning, and have been historically
defined in the ICIDH (8). This document was initially only published
for trial purposes, but the contained definitions became widely
accepted internationally.

ICIDH defined Impairment is any loss or abnormality of
psychological, physiological or anatomical structure or function.
Disability is any restriction or lack (resulting from an impairment) of
ability to perform an activity in the manner or within the range
considered normal for a human being. Handicap is a disadvantage for
a given individual, resulting from an impairment or a disability, that
limits or prevents the fulfilment of a role that is normal (depending on
age, sex, and social and cultural factors) for that individual.
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These terms however are also used in general language, with meanings
which differ from the ICIDH definitions, and at times being used
interchangeably. Following on from this on 22 May 2001 the Fiftyfourth World Health Assembly ratified the ICIDH-2, which expanded
these

definitions,

creating

an

International

Classification

of

Functioning and Disability. Under this classification, “Functioning”
and “Disability” are umbrella terms covering the three dimensions of
body functions and structure, activities at the individual level, and
participation in society. The stated intent of ICIDH-2 is to establish a
common language for describing functional states associated with
health conditions, to permit comparison of data across countries and to
provide a systematic coding scheme for health information systems.

This confused use of language needs to be considered when the
literature is reviewed.

1.4

The Research Questions

After sustaining an injury, an injured worker is influenced over time
by the medical effect of his injury, the influences of his/her work, coworkers, employer, and domestic social environment, the expectations
of his/her therapist, legal influences, and secondary gain issues.

Ultimately, the injured worker will return to work when:
•

When he/she feels that he/she is able to,
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•

When he/she feels that he/she wants to, or

•

When he/she feels that he/she has to.

Prolonged absence from an individual’s normal work role (or
prolonged Return-to-Work Outcome) is recognised as being
detrimental to this individual’s mental, physical and social well being
(9, 10). There is also a significant financial burden associated with
prolonged Return-to-Work Outcomes, both for the employer
(including wages, lost productivity and premium costs) and employee
(loss of income).

In the state of New South Wales (NSW) in Australia 10% of workers
with work-related compensable lost time injuries fail to return to work
within 26 weeks of their injury (this 10% are referred to in this thesis
as the “Tail”). This 10% of workers account for 50% of the total days
lost due to injury (11). In the state of Victoria (VIC) in Australia, of
those injured workers who have at least ten days off work, 22% are
still off work 14 to 19 months after their injury (12).

If the Workers Compensation Insurer were able to identify those
injured workers whose claims were likely to become Tail Claims at the
time of their claim lodgement, these insurers would be better able to
target their rehabilitation resources to these claims in anticipation of
achieving reduced return to work outcomes (and considerable financial
savings).
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When an injured worker requires time off work for a work-related
injury and the worker lodges a worker’s compensation claim with a
Workers Compensation Insurer they are required to complete forms
for the insurer and to have a medical practitioner complete a medical
certificate.

Both of these forms contain data of medical and

demographic nature, which if accessible, may be able to be analysed
by Return-to-Work outcome. Shortly before this research project was
initiated the data fields in the Workers Compensation Insurer Claim
Lodgement form and Medical Certificate were standardised across
states in Australia.

The Research Questions are: using the data as collected by the
commonly accepted practice, can we determine “Which factors
influence an Injured Worker’s Return to Work”, and “Can we predict
at the time of claim lodgement which Injured Worker’s claims will
become Tail Claims”?

1.5

Thesis Structure

This Thesis comprises the following components:
1.

A literature review was conducted to identify those factors
which have been suggested as being predictive of an Injured
Worker’s Return-to-Work. Outcome.

2.

The study methodologies.

3.

Data analysis.
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4.

A discussion of the ensuing findings.

5.

Recommendations:
a. The method of storage of the data currently obtained at the time
of claim lodgement needs to be changed to enable its retrieval
for analysis. This is particularly the case with data collected by
a third party and submitted to the insurer as a separate
document.
b. The number of sub-groups of the Predictor Variables Location
of Injury and Mechanism of injury needs to be reduced to
ensure n of 200 for most groups (in order to have an 80%
probability of being able to identify an 18 day difference in
R.T.W. outcome with in a study population of 5000).
c. The data being currently obtained at the time of claim
lodgement need to be expanded.
d. Analytic techniques need to include non-parametric techniques
as the assumptions underlying parametric statistical tests will
probably not be met reducing the validity of any results
generated. In addition, Data Mining techniques are a useful
tool to assist in hypothesis generation.

To improve the readably of this Thesis, most of the raw data is
included in tabulated form in Appendix 1, with the conclusions
presented in the body of this Thesis in the narrative. Exceptions are
made when condensed data tables are included in the body of the
Thesis to emphasis key points, or to improve readability.
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CHAPTER TWO
LITERATURE REVIEW
2.1

Introduction

A literature search was conducted to identify what is known about
which factors influence an Injured Worker’s return to work, and are
there any cross-jurisdictional workers compensation studies predicting
Return-to-Work outcomes at the time of claim lodgement?

The reviewed literature was also assessed to determine the quality and
generalisability of the published findings.

2.2

Methodology

A targeted literature search of specialist occupational medicine or back
related journals was conducted (Occupational Medicine, Journal
Occupational and Environmental Medicine, SPINE, the Australian
and New Zealand Journal of Occupational Medicine, and Disability)
in conjunction with a database search. The method in the database
search involved the use of the search engines ProQuest 5000 and Ovid,
using the keywords ‘return to work’, ‘predictors’, ‘workers
compensation’,

‘disability’,

and

‘absenteeism’.

This

was

supplemented by a review of the Australian Digital Thesis Program, as
well as literature reviews published by the Australasian Faculty of
Occupational and Environmental Medicine (A.F.O.E.M.). A.F.O.E.M.
is the peak body in Australia and New Zealand for the training and
accreditation

of

specialist

occupational

medicine

doctors
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(Occupational Physicians).

Currently available systems such as

workers compensation systems and Return-to-Work programs were
also explored to analyse the impact of these systems on the injured
workers’ return to work. Predictors of absenteeism, presenteeism and
disability were identified after a thorough literature search to
understand which attributes predict injured workers’ Return-to-Work.

This literature review has been divided into the topics of Systemic
Drivers, Going off Work, Going Back to Work, Staying off Work, and
Staying at Work.

2.3

Systemic Drivers

The workers compensation schemes in Australia are state government
operated insurances contributed to by employers to provide funding to
allow injured workers (meeting specified inclusion criteria) to have
their reasonably necessary medical treatment and rehabilitation
funded, to provide partial payment of lost worker income, and to
provide lump sum payments to injured workers in certain instances.
The medical, rehabilitation and legal services used within this
framework are mostly provided to the injured worker on a fee-forservice basis.

The very nature of this type of system results in

financial payments being made for the Injured Worker working at less
than their pre-injury duties, for the treatment and rehabilitation
services provided, for litigation, and in certain cases the employer
suffers a financial penalty for having an injured worker.
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Once a worker becomes an injured worker and enters a workers’
compensation system there are multiple forces acting on them which
were not acting on the same worker uninjured. New forces which are
now acting upon the injured worker include the medical effects of the
injury sustained, being off work, being in a compensation system and a
mix of individual and social/economic issues.

It would thus be

expected that the factors influencing the Return-to-Work of the injured
worker are likely to vary as a function of the time from the date of
their injury.

2.4

Going off Work

Work attendance and absenteeism have been described as being linked
to many factors in a ‘complex person-work-enterprise-society
relationship’, with a major, though not sole determinant, being
disease-related incapacity.

Absenteeism is associated with other

workplace climate factors including staff turnover, productivity, stress
claims, industrial climate, workers compensation claims rate,
occupational health and safety performance and staff morale.(13)

Attempts have been made to anticipate which workers are more likely
to go off work on workers compensation. The authors of one study
found patients on workers compensation, when compared to those not,
to be more likely to be younger, female, less educated, smokers, fulltime employees, have attorney involvement and work in a very
strenuous job. (14) These patients were identified from the Spine

P a g e | 17
Patient Outcomes Research Trial and the National Spine Network
practice-based outcomes study in the United States of America. Of
3759 eligible patients 15% were receiving workers compensation
payments, 8% were receiving other disability compensation and 77%
were controls. Although prospective, its relatively small sample size
(n = 440) weakens this observational study.

The commuting distance to work, the nature of the job, job work-load,
worker autonomy, co-worker or supervisory support, job satisfaction,
job stress, longer work hours, the organisational approach to
absenteeism and the presence of non-work related responsibilities have
also been described as influencing which Injured Workers will go off
work (15). One study (15) being a cohort study, and the other (13) a
consensus review paper strengthens this finding.

Researchers in Belgium conducted a one-year cohort study on 20,463
workers between the ages of 35 and 59 found high incidence sick
leave in jobs with high strain and low social support for both sexes.
(16) The size and study design of this paper makes this a stronger
paper.

The American Productivity Audit (which was a random telephone
survey of 28,902 United States workers) found there to be a high lost
productive time for females, for smokers and those in low-demand
high control jobs. Workers in high-demand low-control jobs had the
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lowest lost productive time (17).

Although large numbers were

involved in this study, its cross sectional design and lack of statistical
analysis weaken this finding.

The authors of a prospective cohort study found that 108 of 7051
workers suffered an occupational accident resulting in them being
consulted by a physiotherapist or physician (the Maastricht Cohort
Study of Fatigue at Work). After adjusting for demographic variables,
fatigue, and factors that describe the type of work environment; the
authors found that high psychological job demands, emotional
demands, and conflicts with the supervisor and/or colleagues are risk
factors for being injured in an occupational accident (18).

The

combination of study population size, its prospective design, and
statistical analysis (using the Cox Proportional Hazards Analysis)
strengthens this study.

The findings of (16, 17 and 18) are potentially explainable on the basis
of the “J” configuration of the Yerkes-Dodson Stress / Performance
curve (with both under and over stimulation being causes of stress).
Low demand / High control, High Job Strain, and High Psychological
Job Demand are all likely to result in similar levels of perceived stress
on the Yerkes-Dodson curve.

A case control study with approximately 1305 male workers with
occupational injuries during 1999-2000 were compared with 1305
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controls from a railway company involved the voluntary completion of
a standardized questionnaire. No information was available on the
number of workers who declined to complete the questionnaire.
Factors with significant Odds Ratio (or “O.R.”, p<0.10) of being
associated with having more than one lost time injury were: short
service in the present job (less than 5-years), sleep disorders, smoking,
and no gardening activity. Short service in the present job was the
only significant factor for single injuries (19). The case control study
design and relatively large population numbers strengthen this study,
although it is weakened by its relatively high level of significance
(0.10).

In Sweden, a clear association was found between Absenteeism and
the worker performing heavy, arduous work. In women the use of
tranquilizers, the occurrence of workplace bullying and high total
workload (including both paid and unpaid work) were associated with
Absenteeism.

In men the use of alcohol, not being a supervisor,

having experienced adverse life events and divorce were related to
Absenteeism (20).

This study involved multivariate analysis of

questionnaire data supplied by 1557 female and 1913 male employees
of Sweden Post. This study is strengthened by its relatively large size,
but the nature of the study population limits its generalisabiliy.

Bivariate analysis was conducted on a nationally representative
household survey of 5877 respondents to assess current mental and
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physical disorders and role impairments (21).

Only four physical

disorders were sufficiently common to be studied (hypertension,
arthritis, asthma and ulcers). These researchers found that associated
impairments were almost entirely confined to cases with co-morbid
mental disorders.

They concluded that effectiveness trials in

workplace samples are needed to evaluate the cost-effectiveness of
treating co-morbid mental disorders among workers with chronic
physical disorders.

There are multiple studies which suggest that increasing age may be
associated with increased Absenteeism (22, 23, 24, 25, 26, and 27).
There is also some evidence which conflicts with this, with age either
being protective (20), or unrelated (28) to Absenteeism.

That

increasing age is cited by both Consensus Review (25) and
Government Policy (26) suggests that there is a widely held belief that
increasing age is associated with Absenteeism.

Individual factors linked to which worker will take time off work with
their injury include their past absence history, education, personality
and the abuse of drugs and alcohol. Health status is only a minor
determinant. Gender appears as a moderating factor in the relationship
between job satisfaction and absenteeism with different strengths of
association evident between the sexes. Other factors include distance
from work, the nature of the job and job work-load, and organizational
factors such as autonomy, co-worker or supervisory support, job
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satisfaction, job stress, longer work hours, and the organizational
approach to absenteeism. Taking time off work because of an injury is
associated with other workplace climate factors including staff
turnover, productivity, stress claims, industrial climate, workers
compensation claims rate, occupational health and safety performance
and staff morale (29).

An analysis of 400 National Health Service pre-placement health
questionnaires (from January 1998 to June 2000 with a 3- to 6-year
follow up period) found female gender, age, smoking, history of at
least two previous episodes of low-back pain and previous sickness
absence predicted a greater than average subsequent sickness absence
(predicting 10-12% of the variation in sickness absence). (30)

2.5

Going Back to Work

Although lacking scientific evidence, current practice for the
rehabilitation of the injured worker supports programs which involve
all stakeholders (31, 32, 33), and which focus on both medical and
non-medical issues (34, 35, 36). The injured worker also needs to
have a job to go back to (37).

Positive worker expectation was associated with good Return-to-Work
outcomes (38, 39) and workers who blamed co-workers or equipment
for their injuries had poorer Return-to-Work outcomes (40).

The

consistency between these studies strengthens this finding. One study
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(38) was a Randomised Controlled Trial, and another (39) had a large
study population.

Occupation is thought to influence both injury rates and Return-toWork after sustaining an injury. This is reflected in Return-to-Work
“Best Practice” guidelines (41).

After having undergone an

Arthroscopic repair/acromioplasty for clerical workers (when selected
duties are available) Return-to-Work is predicted as being 28-56 days.
This increases to 56-90 days (non-dominant arm) or 70-90 days
(dominant arm) for manual workers. Following a wrist fusion for
Osteoarthritis the estimated Return-to-Work is 21 days for clerical
workers and 84 days for manual workers. This is increased by a factor
of 1.3 if the affected worker is obese (41).

A worker’s occupational classification can however be misleading,
and an unreliable indicator of their true job demands (31), with the
example being cited of some teachers being involved in performing
heavy manual tasks.
Positive worker expectations are associated with better health
outcomes (22, 42, 43, 44, and 45), shorter periods of care and early
Return-to-Work (46). Perhaps not surprisingly, injured workers seem
to have a faith in recovery similar to that of their health care provider
(47). The strength of these studies and the consistency of the results
suggest that these are real findings.
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The time to Return-to-Work after having a Carpal Tunnel Syndrome
release operation is extremely variable, suggesting that only a small
proportion of total sick-leave is for medical reasons.

The

recommendations of the treating surgeon play a significant role in
Return-to-Work times (48). Although only 50 patients were assessed
in this study they were consecutive patients with they all being
followed to 90 days (with the slowest return to work being 88 days).
The strength of the O.R. of the treating surgeon’s recommendation of
Return-to-Work duration (30.5) suggests that this finding is a real
finding.
Blackwell et al (22) developed a model for predicting Return-to-Work
outcomes [a retrospective study of 505 patients insured under the State
Compensation Insurance Fund (Montana) who had been referred to a
designated rehabilitation provider] using regression analysis and found
that the combination of age (less than 50 years), education, mandated
rehabilitation, timely referral for services, and lack of attorney
involvement significantly predicted R.T.W. outcomes. This study was
limited to the workers’ demographic database (of age, gender,
education, marital status and attorney representation).

The

retrospective design of this study, and small sample size, weakens this
study.

A self-report questionnaire survey of 898 Dutch workers on their first
day of sick leave (having a 58% response rate) found that Global job
satisfaction did not correlate with the duration of short-term absence
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spells, but specific dissatisfaction with colleagues was associated with
longer sickness spells (45). This study is however weakened by the
high responder bias (low response rate).

2.6

Staying off Work

Workers who blamed co-workers or equipment for their injuries were
more likely to resist returning to former work activities than workers
who judged themselves responsible for their accident.

This was

independent of the severity of the injury (49). This finding makes
intrinsic sense, but the small numbers and lack of scientific rigor of
this paper weakens this finding.
In one Finish study the authors applied a questionnaire to the clinical
notes of 1350 consecutive patients referred for sickness absence, and
analysed for association with job loss in order to develop a screening
tool to identify those Injured Workers likely to be off work for more
than 6 weeks, or at risk of job loss because of absence from work for a
health condition, injury or impairment. A total of 82 questions were
developed on the basis of a literature search looking for likely
predictive factors, and were then analysed by outcome, with 5 self
assessment questions having a predictive power of 0.9 (1.0 being
perfect predictive power) (50):
1.

Do you think you will be able to return to work after your

current sick leave?
2.

Do you believe that from the standpoint of your health you will

be able to do your current job in 6 months’ time?
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3.

The number of weeks off sick in the past year.

4.

Whether they were waiting for a consultation or treatment for

their health condition.
5.

Age (less than or equal to 35 years, compared with 55 – 65

years), with them being more likely to return to work if younger in a
univariate model. Age was however not significant in the multivariate
model.

The final model used in this paper analysed only cases first seen at the
Occupational Health Clinic (by an Occupational Physician) within 6
weeks of going off work (reducing the sample from 1350 to 741). The
time from injury to assessment is not recorded. All subjects were
referred to the Occupational Health Clinic by their employer for
Sickness Absence Management after having been off work for a
period of time (which historically meant that they were commonly
only referred after being off work for 6 months – which is when the
Injured Worker’s benefits dropped by one-half) with this being likely
to introduce a bias (in that the employer was selecting subjects they
considered to be at risk of a prolonged return to work). Thus, the
retrospective nature of this study, the highly selected study population
and the intervention of an Occupational Physician all weaken the
generalisability of these findings.

These findings are however

consistent with the above findings (46, 47).
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Attorney involvement is associated with longer Return-to-Work
outcomes (22, 51).

Receiving compensation payments adversely

affects Return-to-Work outcomes (52, 53).

These papers studied

populations covered under a variety of different compensation
jurisdictions.

Paper (51) assessed trauma victims presenting to

hospital in NSW Australia, (53) assessed patients injured under motor
accident compensation legislation in VIC Australia, with others (52,
22) having studied patients covered under workers compensation
legislation in USA. The consistency of this finding over such different
compensation populations suggests that this finding is real.

Malingering, being either frank or opportunistic (54) will also be
expected to prolong Return-to-Work outcomes. The true prevalence
of malingering in a compensable environment is difficult to measure,
although it has been estimated as being up to the order of 20% in some
populations (55). The lack of a diagnostic “Gold Standard” for this
condition makes it very difficult to accurately estimate the true
prevalence of Malingering.

The authors of one study reviewed 1000 titles and identified the
following individual clinical and psychosocial predictors of chronic
pain and disability to have strong supporting evidence and to be strong
predictors: age, psychological distress, job dissatisfaction, duration of
sickness absences, not employed, R.T.W. expectations, financial
incentives, and for low back pain only, the clinical history. Strong
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individual socio-demographic predictors included older age, duration
of current benefits, not employed, R.T.W. expectations, financial
incentives, and local unemployment rate (56).

Pain intensity, poor perceptions of general health, depression, fear
avoidance, catastrophising, pain behaviour, and ethnicity ((39)
disagrees) were intermediate individual clinical and psychosocial
predictors. Type of occupation/education, and previous work record
were intermediate individual social-demographic predictors (56).

Analysis of the National Co-morbidity Survey Physical found that the
demands of work and co-morbidity were predictors of chronic
impairment. (57) This paper performed Bivariate Analysis of 5877
cases in a retrospective cohort study.
Heavy manual work and low educational levels were associated with a
prolonged Return-to-Work outcome after sustaining a lumbar
discectomy for a herniated disc (58). This study was conducted by
retrospectively applying a questionnaire to 109 patients with surgically
documented herniated lumbar disc, with mean follow-up being 12.2
years. Potentially problematic issues with this study include selection
and recall bias, and uncontrolled confounders (including the change in
local employment rates over time). These study findings are however
consistent with the general literature and make intuitive sense, but
should be considered to be a relatively weak study.

P a g e | 28
A Japanese cross-sectional general population survey of 906
participants having had low back pain in the last one month found a
45% discrepancy between pain and perceived disability levels. Being
older, more stressed, more depressed, working more overtime hours,
having less job satisfaction, lower income, being less satisfied with
working conditions and with co-workers was associated with more
disability, with the opposite also applying (59).

A population based study of 4,486 Danish twins found that back pain
was not associated with living alone, body mass index, educational
level, or smoking (60).

In a prospective cohort of 1007 consecutive workers with back pain
(followed for 2 years) the 7 predictors to return to work were: patient
expectations of recovery, radiating pain, previous back surgery, and
pain intensity, frequent changes of position because of back pain,
irritability and bad temper, and difficulty sleeping. Its classification
error rate is about 40%.

This compares with the Orebro

Musculoskeletal Pain Questionnaire 20-30% for prediction of recovery
of function and 30-50% for prediction of pain recovery (61). This
predictive model was created using a Partitioning technique. The
study design (prospective cohort), large sample size and the method of
analysis (partitioning) all suggest that these findings are real.

P a g e | 29
A cross sectional survey of 1013 middle-aged farmers and 769
matched referents found that farmers and self-employed workers have
lower odds of being absent due to Low Back Pain than employees with
Low Back Pain (after adjustment for psychosocial factors) (62).

In a prospective study of 135 of 147 patients with recent whiplash
injuries who were interviewed 12-months later found that depression
was the best predictor of a person reporting a new episode of low back
pain (63). The small study size weakens the applicability of this
finding.

The relationship between heavy work and the development of Low
Back Pain is not however clear-cut. A survey of 241 blue-collar
workers and 209 white-collar workers identified an equal incidence of
work related low-back pain between these two groups (43% and 42%
respectively) (24). Another study of workers at an assembly line
found that their complaints of low back pain were not related to high
peak work loads, repetitive lifts or large lifts (64). This particular
study was conducted using video analysis with loads being calculated
through a biomechanical model, making it difficult to determine the
practical applicability of these findings. Although gender was not
specifically addressed in this study, there may be a gender difference
in income (65), with both of these factors likely to be confounders in
this study.
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Attempts have been made to predict Return-to-Work outcomes for
individual injured workers. In a study of 78 people with low back pain
the work subscale of the Fear Avoidance Beliefs Questionnaire was
the strongest predictor of work status (negative likelihood ratio of 0.08
for scores less than 30, positive likelihood ratio of 3.33 for scores
greater than 34) (64). Another study, of 123 patients with acute low
back pain, found that age greater than 45 years, smoking, two or more
neurologic signs, and a high score on psychosocial screening and high
levels of distress were the best prognostic factors of non-recovery at 3
months (40).

2.7

Staying at Work

Not all injured worker’s lodge workers compensation claims (and
conversely, not every “Injured Worker” who lodges a worker’s
compensation claim actually has an injury). This is illustrated by a
study from New Zealand which found that 97% of people suffering
from a compensable injury do not lodge a claim. (67) This paper
conducted bivariate analysis of patients (n = 741) who experienced an
adverse event associated with care in New Zealand public hospitals in
1998 and claimed compensation with the Accident Compensation
Commission (the national no-fault insurer), compared with patients
identified by the governing health body as having sustained an adverse
event associated with hospital care in the same year who did not file a
compensation claim (n = 839).

These authors concluded that

substantial under-claiming occurs in both negligence and no-fault
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systems in New Zealand. Elderly, poor or minority patients are least
likely to claim.
A literature review found that workers who are active in their leisure
time twice or more per week had less Absenteeism, with obesity being
associated with increased Absenteeism (68). A large study of 23,490
active employees found that after adjustment for gender, age, chronic
diseases and overall health risk status the physical activity level of the
worker was protective of Absenteeism (69).
A cross sectional telephone survey of 3801 employed persons (87%
response rate) found that a third of those interviewed had gone to work
two or more times during the preceding year despite the feeling that, in
the light of their perceived state of health they should have taken sick
leave. The highest presenteeism was mostly found in the care and
welfare and education sectors (nursing and midwifery professionals,
registered nurses, nursing home aides, compulsory school teachers and
preschool/primary educationalists). All of these groups worked in
sectors which faced personnel cutbacks during the investigation period
(the 1990s). High proportions of persons with upper back/neck pain,
fatigue, or slightly depressed were found in those with high
presenteeism. The authors also found a link between low levels of pay
and high sickness presenteeism, and that occupational groups with
high sickness presenteeism showed high sickness absenteeism (70).
The large population size and high response rate suggest that these
findings are real.
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2.8

Literature Critique

These papers were rated by the researcher on a subjective scale taking
into consideration a variety of factors including study design, study
size (n), statistical methodology, the generalisability of the population
group being researched, and the number of papers in which an
association was found. Consensus statements from well recognised
professional bodies, organisations or governments, were rated more
highly.

Most of the reviewed studies relied on Regression analysis techniques
(Table 13, Appendix 1), with Cox Proportional Hazard analysis being
used only three times (15, 18 and 42). Only one paper reviewed used
Data Mining techniques (67).

The Student’s t-test has been commonly used in the reviewed literature
as a test to compare the means of different populations and determine
the statistical likelihood of they being different populations. This test
however is only applicable for studying normally distributed
populations, and in this literature search has been at times used
inappropriately (by being applied to non-normally distributed
samples).

No Randomised Blinded Cross-over Prospective Controlled trials or
Metanalyses were reviewed.

However, the field of study of

compensable work-related injury outcome studies does not allow for
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Randomised Blinded Cross-over Prospective Controlled trials to
determine whether an association is causal. A researcher cannot for
example randomise the patients into management or treatment groups,
nor can they easily blind or control their trials. The enormous size,
and heterogeneous composition of the compensable injury patient
population (with there potentially being huge variation between
different compensable systems) compared with the small sizes and
relative homogeneity of the study populations also suggests that the
associations found in study populations may not be easily
generalisable to all compensable patients.

Meta-analysis is a statistical method which is sometimes used to
increase the statistical power in intervention studies by combining the
data of several studies. This analysis method is however less reliable
where there is a large amount of variation in the combined studies.
Meta-analysis should not be performed if there is substantial
heterogeneity, varied intervention, varied study designs (population,
exposure, methods) and / or varied outcomes. For these reasons Metaanalysis is also not a reliable method of analysis in the context of this
Thesis.

2.9

Summary of Findings

This literature search was conducted to identify what is known about
which factors influence an Injured Worker’s return to work, and are
there any cross-jurisdictional workers compensation studies predicting
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R.T.W. outcomes at the time of claim lodgement?
literature

was

also

assessed

to

determine

the

The reviewed
quality

and

generalisability of the published findings.

In summary, this literature search identified that there are significant
difficulties in the design of many of these studies which limits the
ability to generalise from their findings. Specific issues relate to the
lack of prospective studies, the lack of control groups, at times small
numbers, study population selection and bias, and a heavy reliance on
the use of parametric statistical analysis.

Some of the findings are likely to be generalisable, as reflected in the
wide range of study populations producing the same result (see
below), or of similar findings in different jurisdictions (for example,
the effect of having a compensable injury in papers 22, 51, 52 and 53).
Bismark (67) however demonstrated that there may be a cultural
influence to claiming behaviour, which suggests that even this finding
may not be truly generalisable (internationally).

Other problems include differences in study populations and in
workers compensation jurisdictions and at times conflicting findings.

Despite these difficulties, there did appear to be consistent patterns in
the Literature findings.
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Factors described as being associated with going off work after
sustaining a work related injury include being older (22, 23, 24, 25, 26
and 27), on compensation payments (13) or having lawyer
involvement (14), female gender (14, 17 and 30), being less educated
(14, 29), being a smoker (17, 19 and 30), having high job strain (16,
18, and 29) or low social support at work (16 and 29), having low job
satisfaction or low morale (13, 15 and 29) , commuting a long distance
to work (15 and 29), there being stress claims (13 and 29), or
workplace conflict or bullying (18 and 20), having co-morbid chronic
health conditions (21), and the use of alcohol (20 and 29).

Factors associated with going back to work include having a job to go
back to (including being in an area of high unemployment) (37),
positive worker and doctor expectations (22, 38, 39, 40, 42, 43, 44, 45,
46, 47 and 48), younger age (22), education (22), mandated
rehabilitation (22), timely referral for services (22) and lack of lawyer
involvement (22).

Factors associated with staying off work include blaming others for
the injury, worker expectations (49, 50 and 56) sick leave history (50
and 56), older age (40, 50, 56 and 59), lawyer involvement (22 and 51)
or receiving compensation payments (52 and 53) psychological
distress (40 and 64), or pain intensity (56), depression (56, 59 and 63)
less job satisfaction (59), and smoking (40).

P a g e | 36
Factors associated with staying at work include being active in their
leisure time and physical activity level (68 and 69), employment in
certain sectors or occupations (70).

This Thesis focuses on predicting, at the time of claim lodgement,
which workers (after having gone off work) will have a prolonged
RTW outcome.

RTW outcome is likely to be affected by a

combination of factors which influence both staying off work and
going back to work. It is also likely that the same factors associated
with staying at work may also work to reduce RTW outcomes.

When the above literature is assessed by the frequency of published
findings being older, being on compensation or having lawyer
involvement, female, less educated, smoker, high job strain or low
social

support

at

work,

worker

and

therapist

expectations,

psychological distress (including stress, workplace conflict, and
bullying), lack of job satisfaction or low morale are all factors
potentially predictive of a prolonged RTW outcome.

When the literature is weighed by the strength of the papers (as
opposed to the frequency of findings) this resulted in similar findings:
•

There is a poor correlation between Return-to-Work outcomes
and physical impairment or demographic variables (2).

•

Being out of work for extended periods of time is bad for a
person’s health, and the longer someone spends away from
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work, the less likely they will ever return, and people who are
injured and claim compensation for that injury have poorer
health outcomes than people who suffer similar injuries but are
not involved in the compensation process (3, 4, 9 and 10).
•

Lawyer involvement or receiving compensation payments
adversely affects outcomes (4, 22, 51, 52 and 53).

•

Absenteeism is associated with a wide range of workplace
climate factors including workplace conflict, job strain and job
satisfaction (13, 15, 16, 18, 20, 29, 56 and 59).

•

Positive worker expectation was associated with good Returnto-Work outcomes (22, 38, 39, 42, 43, 44, 45, 46, 50, and 56).

•

Increasing age is associated with increased absenteeism (22,
23, 24, 25, 26, 27, 50, 56, 59 and 61)

•

The presence of co-morbid diseases influences absenteeism,
particularly mental illness (21, 57 and 63).

There is only moderate or weak evidence for the following to be
associated with absenteeism:
•

Female gender (14, 17, 30 and 66).

•

Smoker (14, 17 and 30).

•

Short service in the current job (19).

•

Obesity (68) or lack of physical activity (69).

•

Low income (70).
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Thus, multiple factors are suggested in the literature as being
potentially predictive of prolonged RTW outcomes, but remain to be
tested. Much of this information however is not routinely collected in
Australia by the workers compensation insurance agents at the time of
claim lodgment. Based on this literature review the predictive power
of these variables remains unknown, and it also remains unknown
what is the predictive power of RTW outcome of the data routinely
collected at claim lodgment. It is also unknown to what degree the
predictive power of RTW outcome can be improved through better
data management (which includes unraveling buried relationships and
expanding the data collected).

This literature review also failed to identify any studies attempting to
predict RTW outcomes across a large range of occupational sectors or
across workers compensation jurisdictions.

This thesis attempts to address this gap in the literature.

2.10

The Research Questions

The primary Research Questions of this Thesis are, using the
currently collected data, can we determine “Which factors influence an
Injured Worker’s Return to Work”, and “Can we predict at the time of
claim lodgement which Injured Worker’s claims will become Tail
Claims”?
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Subsidiary questions relate more specifically to Health Informatics
data management, and include “Does the currently collected Data
contain sufficient information to answer these questions”, and “Is all
currently collected Data accessible for analysis”?
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CHAPTER THREE
METHODOLOGY

3.1

Data Collection

3.1.1

Overview

This

Researcher

obtained

data

from two

different

workers

compensation jurisdictions in Australia and analysed this to determine
if it is possible to predict early in the life of the claim which workers
will have a prolonged return to work outcome after sustaining a workrelated illness or injury.

One source (Data Set A) was a worker’s compensation Self Insurer
within the state of New South Wales in Australia, and the other source
(Data Set B) was a state-wide Workers Compensation Jurisdiction
from another state in Australia (WorkSafe Victoria (VIC)).

Both sources provided de-identified raw data extracted from their
workers compensation claim lodgement forms and initial medical
certificates.

This Researcher was not involved in collecting or

extracting the Data.

This Data was then analysed to determine associations with Return to
Work Outcome.
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3.1.2 The Data Sets
Data Set A data were obtained from a worker’s compensation Self
Insurer within a single state in Australia. To be permitted to become a
Self Insurer, an organisation must meet specified criteria in relation to
their payroll size, organisation capabilities and financial resources.
This Self Insurer operates a chain of retail stores.

Data Set B data were obtained from WorkSafe VIC. All workers
compensation claims data reported during the study period within this
state were obtained by this body.

Data Sets A and B were from different states in Australia.

The criteria by which work-related injuries must be notified to the
workers compensation insurer differ between these two states. In
NSW, employers must report all incidents involving an injury or
illness where workers compensation is payable. In VIC, WorkSafe is
only notified of a work-related injury where the injured worker claims
for weekly benefits (takes time off work), where the injured worker
claims for medical and like expenses exceeding their employer’s
excess, and where an injured worker’s dependents claim for
compensation.
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In both cases, the data had been obtained by the insurer at the time of
claim lodgment. The data were obtained from both the employer and
from the injured worker in a combination of electronic and hard copy
form. Some of the data received in hard copy (for example, details
included in the treating doctor’s medical certificate) was manually
entered into the insurer’s database.

Both sets of data were provided by the insurer to this researcher in the
form of de-identified raw data in Microsoft Excel spreadsheets.

This researcher was not able to check the accuracy of the data against
the source document(s).

3.1.3 Study Inclusion Criteria
For both Data Sets A and B, de-identified data from all claims
received by the relevant organisation between the dates of 01 March
and 30 June 2007 were enrolled in this study.

Each claim was followed for either three months from notification or
until they were certified P.I.D. (whichever occurred first).

3.2

Statistical Analysis

3.2.1 The Null Hypothesis
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This Thesis analyses those factors available to the workers
compensation insurer at the time of lodgement of a worker’s
compensation claim for associations with a prolonged R.T.W.
outcome.

The Null Hypothesis is that there is no relationship between the
analysable variables (Predictor Variables) and the derived variable
Days to Endpoint (the Response Variable).

3.2.2 Data Analysis
Initial analysis was performed using the software S.P.P.S 14.0 for
Windows Student Version, 2006 Prentice-Hall, Inc. The final data
analysis was performing using the software J.M.P. Versions 5.1 and
7.0.2 (S.A.S. Institute). Two versions of J.M.P. were used as the
University of Wollongong updated its version of J.M.P. partway
through this analysis.

3.2.3 The Response Variable.
There are two types of variables used in statistical models: response
variables and predictor variables. The inputted Data are predictor
variables with the response variables being the output of the statistical
model.

Response Variables (also called Dependent Variables) are

independent of the Predictor (also called Explanatory or Independent)
Variables.
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The Response Variable, unless otherwise stated, is “Days from D.O.I.
to Endpoint”. “Days from Insurer Notification to Endpoint” was also
tested during Stepwise Regression analysis.

The “Endpoint” is the date of the first medical certificate certifying the
injured worker P.I.D., or the medical certificate closest to the study
endpoint (three months from the time that the injured worker notifies
the workers compensation insurer of their injury).

3.2.4 Data Distribution
The normal distribution is in the shape of an inverted bell curve with
values being evenly spread around the mid-point. The measures of
central tendency (Mean, Median and Mode) are all equal, with there
being only one peak in the curve.

Comparing the shape of the curve (for example, by looking to see how
many peaks there are) and comparing the mean (the average) and
median (the middle value) provides information on the shape of the
curve. Having a mean markedly larger than the median suggests that
the curve is positively skewed.

The descriptive analysis of data

includes an estimation of normal distribution fit overlying the
histogram (Figure 3

).
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Figure 3 – Sample Normal Distribution Curve Overlying
Histogram
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A commonly used method of converting a positively skewed
distribution into a normal distribution (to allow analysis using
parametric tests) is by transforming the data (for example, by
converting the values to Log10).

Survival analysis techniques are used to analyse data potentially
distributed in a survival type distribution.

Days D.O.I. to Endpoint Data Set A are represented on a Histogram
plot (Figure 3).

This does not fit a Normal Distribution (

), and

because of the presence of non-positive numbers (for example, zero)
cannot be transformed with a Log10 function.

This data distribution does approximate a Weibull with Threshold Fit
(

). This model often provides a good estimation of length of life,

suggesting that this data is in a Survival type distribution.
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Figure 4 – Histogram Plot of Data Set A Response Variable
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Data Set B also approximates a survival curve with superimposed peak
close to the median. As this curve is bimodal it is unable to be
normalised with a Log10 transformation (Figure 4)

Days D.O.I. to Endpoint Data Set B is represented on a Histogram plot
(Figure 5).

Figure 5 – Histogram Plot of Data Set B Response Variable
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This does not fit Normal (

) and Log Normal (

) distribution

curves. The distribution most closely approximates the Weibull with
Threshold fit curve (

), suggesting a Survival type distribution.

In the standard parametric statistical tests used in such methods as
multiple linear regression and ANOVA, the tests are based on
calculations which assume a normally distributed study population.
Non Parametric statistical tests do not assume a specific shape
(distribution) of the study population.

The data analysed in this Thesis are not normally distributed.

This researcher has therefore used a combination of techniques to
analyse the data. These techniques have included:
•

Parametric Tests – ANOVA, Bivariate Analysis, and Stepwise
Regression (including with Log10 transformation of the
Response Variable).

•

Non Parametric Tests – Proportion Hazards Analysis (a Cox
Regression technique).

•

A Data Mining Technique – Partitioning (also known as
Decision Tree analysis).

3.2.5 The Predictor Variables
The following variables were obtained from the Notification of Injury
form:
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•

D.O.I.

•

Injury Postcode

•

Bodily Location

•

Mechanism of Injury (“M.O.I.”)

•

Industry

•

Type of Employment

•

Occupation

•

Date of Birth (“D.O.B.”)

•

Gender

•

Income

•

Work Hours

•

Workplace Size

•

Language spoken

•

Country of Birth

•

Need for Interpreter

•

Employer Postcode

•

Worker Postcode

•

Injury Postcode

•

Date of Employer Notification

•

Date of Insurer Notification

The following variables were obtained from the Medical Certificate:
•

Diagnosis

•

Type of Medical Certificate (Initial, Progress or Final)

•

Date of Medical Certificate
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•

Medical Restrictions (P.I.D., S.D. or Unfit)

The Ordinal values of D.O.I., Date Claim Lodged, Date Claim
Received and Date of Medical certificate were manipulated to produce
the following values:
•

Days D.O.I. to Endpoint (Dependent Variable)

•

Days D.O.I. to Insurer Notification

•

Days Insurer Notification to Endpoint (alternative Dependent
Variable)

•

Age at D.O.I. (this derived variable was supplied with Data Set
B with no Date of Birth information).

Days to Endpoint (Dependent Variable) = [(Date Medical Certificate)
– (D.O.I.)] expressed in whole days.

Days to Insurer Notification = [(Claim Received) – (D.O.I.)] expressed
in whole days.

Days Insurer Notification to Endpoint = (Days to Endpoint – Days to
Insurer Notification).

Age, or Age at D.O.I., = [(Date of Birth) – (D.O.I.)] expressed
truncated, not rounded.
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Postcodes were not analysed. Commuting time between home and
work is dependent upon multiple variables and is poorly reflected in
the arithmetic difference between postcodes. It is dependent upon the
method of travel used to commute (for example car, bus or train), the
commuting distance, the commuting route and the condition of the
route travelled.

For example, when public transport is used,

commuting time is affected by the transport timetable and frequency,
capacity, and proximity to the journey’s start and endpoints. Where
private transport is used commuting time is affected by multiple
variables including the length of road travelled, the type of road
(freeway, major road or minor road) and traffic density (which is also
time dependent).

This analysis is further complicated when it is

considered that geographic areas covered by a single Postcode are not
of uniform size. Furthermore, in some situations adjacent areas can
have markedly different Postcodes.

The Treating Doctor variable was only documented with Data Set A.
In this Data Set 37.8% of the values were missing. The data that was
recorded was not recorded in any apparent consistent or readily
interpretable manner (including for example the treating doctor’s
location specific Health Insurance Commission Prescriber Number, a
Descriptor code, an alphabetic code or an alphanumeric code). The
Treating Doctor variable was therefore not analysed.
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The following variables were not analysed as all responses were the
same:
•

Interpreter

•

Language

•

Country of Birth

Table 14, Appendix 1 lists the Data Fields included on the Medical
Certificates and Notification of Injury forms which provided the basis
for Data Sets A and B. The Predictor Variables were divided into
Continuous, Nominal and Ordinal values (Table 15, Appendix 1).
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3.2.6 Data Checking and Cleaning
The data were checked using descriptive analytic techniques, including
analysing the data range, quartiles, mean, median and S.D. The data
was also plotted as a histogram and outlier box plot.

Data were cleaned by checking range and by filtering values (which
were either recorded as an error result or were outside of the possible
range). If one of the dates were missing this calculation could not be
performed.

In the case of “Days D.O.I. to Endpoint” (Data Set A) a scatter plot
was produced to visually demonstrate the strong outlier effect found in
that subgroup (Figure 8, page 75). The outlier’s data was checked
with the data source, and confirmed to be accurate. Data analysis was
performed with the outliers present, and with them being filtered out
of the analysis, and with Log10 transformation of the Dependent
Variable.

Analysis excluded cases with missing data, outliers and impossible
values.

3.2.7 Significance
The level of statistical significance for this thesis has been set at 0.05.
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When Proportional Hazard (Cox Regression) analysis was performed
risk ratios of greater than 2.0 or less than 0.5 were set as the level at
which apparent associations were not rejected.

When a 95%

Confidence Interval (the distance between the upper and lower
Confidence Limits) includes one, apparent associations between the
variable being tested and the R.T.W. Outcome were rejected.

3.2.8 Power
The concept of power can be described as “The power of a statistical
test is the probability that, given that there is a relationship amoung
variables in the population, the statistical analysis will result in the
decision that a level of significance has been achieved. Notice this is a
conditional probability. There must be a relationship in the population
to find; otherwise, power has no meaning.” (71)

Power therefore is related to:
•

Sample size, and

•

the effect size being looked for.

Table 1 [sourced from (72)] gives examples of sample sizes needed
[with a significance of 0.05, and looking for a power of 0.8 (meaning
that if there is a relationship, it will be found 80% of the time)] to
obtain an effect size relative to the Standard. The measure of Effect
Size is taken as units of the Standard Deviation (S.D.). For example,
with Data Set A the S.D. is 55.5 days (Table 1). Thus, to be able to
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distinguish between two groups with a difference in R.T.W. outcome
of 5.55 days, with a probability of 80%, a sample size of 1600 would
be needed.

Table 1 – Sample Size needed for Effect Size:
Effect Size (S.D. units)

Sample Size (n)

0.1

1600

0.2

400

0.3

175

0.4

100

0.5

65

1.0

20

Table 2 summarises the characteristics of Data Sets A and B.
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Table 2 – Characteristics of Data Sets:
Variable

Data Set A

Data Set B

Population Size (count)

1442

9077

Median Age

33 years

43 years

Percentage Male

41.0%

67.5%

Percentage no lost time

5.52%

7.01%

Median Income

$622

$642

Median Workplace Size

150

52

Median Days to Endpoint

25 days

76 days

S.D. Days to Endpoint

55.5 days

52.8 days

Missing Data

65

1406

Analysable

1377

7671

“Percentage no lost time” provides the proportion of injuries which
were not associated with the injured worker not being provided with a
medical certificate for either Alternate Duties (A.D.) or Unfit.

This Thesis has set the Effect Size at 0.5 Standard Deviations (S.D.),
which requires a sample size of 65.

In practical terms this is

equivalent to a mean R.T.W. outcome difference of 28 days (Data Set
A) or 27 days (Data Set B)
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3.2.9 ANOVA.
This test analyses the relationship between a continuous response
variable distribution and a categorical predictor variable. It focuses on
the differences between the means of the different groups, measuring
the change in the mean of the response variable when there is a change
between the levels of the predictor variable. This form of analysis
assumes that all observations are independent and that the noise
component of the statistical model is normally distributed. The term
statistical noise refers to unexplained variation in a sample.
Mathematically, the mean, the treatment effect, and statistical noise
are all considered in this form of analysis.

The regression correlation coefficient (R2) was used as a measure of
the proportion of the variability of the Response Variable explained by
the Predictor Variables.

R2 is a measure of the degree of linear

association between the Response and Predictor Variables being
studied. The bigger the R2 value (that is, the R2 value being closer to
1.0), the more the variation in the Response Variable is explained on
the basis of the Response Variable being tested.
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3.2.10

Regression Analysis

Regression analysis (including Bivariate analysis) is a statistical
method of modelling relationships between continuous variables
calculating linear relationships (Linear Regression).

Simple

Regression analyses a relationship between one Predictor Variable and
one Response Variable.

Multiple Regression analyses multiple

Predictor Variables.

This form of analysis assumes that:
•

The relationship between the predictor and response variables
is linear. A lack of linearity can result in underestimation of
relationships.

•

The variables are measured without error (Reliability).
Measurement error will be reflected in error in relationship
estimation.

•

The Response Variables are independent of each other.

•

The variability in scores for the Predictor Variables is the same
for all values of the Response Variable (Homoscedasticity).

Ideally, the number of cases-to-Predictor Variables ratio should be
20:1, and at least 5:1.

In this Thesis, Stepwise Regression Analysis was performed with the
Predictor Variables of Days from D.O.I. to endpoint, and Days from
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Insurer Notification to endpoint. This analysis was repeated after
performing a Log10 transformation of the Predictor Variable.

Stepwise Regression Analysis is useful in that it can be utilised as an
automated analytic tool to create statistical models when there is little
theory to guide the selection of which variables should be used to
create these.

This technique is however controversial in that the

significance levels on the statistics for selected models may violate the
standard statistical assumptions of this form of analysis. This may
result in the mathematically generated (reported) “significance
probability” being nowhere near the reported one (with the generation
of meaningless associations).

The probability to enter was 0.250 and probability to leave 0.100.
Regression analysis was performed in both a forward and reverse
direction.

3.2.11

Proportional Hazard Analysis

Cox Regression / Cox Proportional Hazard Model is a regression
method used for modelling survival times of categorical data.

It

estimates the ratio of risks (hazard ratio or relative hazard). It assumes
that the underlying hazard rate (rather than the survival time) is a
function of the independent variables and is consistent over time.
There is no assumption for the shape and nature of the underlying
survival function.
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The Hazard Ratio (Relative Hazard) compares two groups differing in
treatments or prognostic variables etc. If the hazard ratio is 2.0 or 0.5,
then the rate of failure in one group is twice the rate in the other group.
“N.C.” denotes where J.M.P. was unable to perform the calculation
(for example, because of insufficient group size).

3.2.12 Partitioning Analysis
Partitioning Analysis (also referred to as Decision trees) is a form of
analysis used in Data Mining.

This form of analysis calculates a Gini Index. The Gini index is a
measure of the population diversity, giving the probably that the
second variable encountered comes from the same class as the first.
Decision trees are based upon identifying splits which cause the
maximum reduction in the Gini index. This Thesis describes those
variables being used to split the data as Discriminators.

The first split is the best split. Each subsequent split has a smaller and
less representative population with which to work. This can result in
idiosyncrasies and patterns which are meaningless and harmful for
prediction. Splitting to too much depth can cause over-fitting.

P a g e | 60
This form of analysis can discover patterns by identifying which
groups within the sample are different. It cannot however provide
explanations as to why these groups may be different.

Decision tree analysis of numeric inputs is not sensitive to differences
of scale between the inputs, nor to outliers and skewed distributions.
They are error prone when the number of training examples per class
gets small.

Other Data Mining techniques include Automatic Cluster Detection
(k-means) and Neural Networks.

K-means Automatic Cluster Detection: all fields must be converted
into numbers and normalised (so that a change in one dimension is
comparable to a change in another). This is an undirected technique
and it can be hard to put the results to practical use. Non-numeric
variables must be transformed and scaled before they can take part in
the clustering. Depending on how these transformations are done, the
categorical variables may dominate the clustering or be completely
ignored.

Neural Networks can produce very good predictions, but the inputs
must be scaled to be in a particular range, usually between -1 and +1.
This is a complex issue to ensure that the network can use small
differences to make predictions. The data needs to therefore also be
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transformed (e.g. by log), or outliers removed. Categorical variables
need to be converted to numerical variables in a manner that does not
introduce spurious ordering.

Neural networks cannot deal with

missing values.

Because of the limitations involved in applying the analytical methods
of Automatic Cluster Detection and Neural Networks, neither of these
methods was used in this Thesis.
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CHAPTER FOUR
RESULTS

4.1

Associations

This review of the literature has suggested that there may be some real
associations between certain factors and both Absenteeism (going off
work) and having a prolonged return to work (staying off work) with a
work-related illness or injury.

Although the literature may suggest associations between factors and
Absenteeism and R.T.W. it cannot determine if these associations are
causal, or even if they are real (as opposed to being confounders, or
markers of some other un-identified factor).

This Thesis sets out to identify associations between Predictor
Variables and the Response Variable. By performing the analysis on
two distinct data fields (from different worker’s compensation
jurisdictions) it is hoped to be able to produce more generalisable
results.

4.2

Data Obtained by Insurer

In the workers compensation systems in which Data Sets A and B
operate, at the time of claims lodgment (in lost time injuries) data is
routinely collected in the Notification of Injury Form and the
WorkCover Medical Certificate. The data fields which are included in

P a g e | 63
these forms are as detailed below. This information was not available
if the injured worker did not complete all of the requested data fields.

The Notification of Injury Form includes the following:

Name,

Gender, Date Of Birth, Address and telephone, Language Spoken,
Need for interpreter, Country of birth, How the injury occurred, Which
body parts affected, Prior normality, Address of accident, Date Of
Injury, Time of injury, Presence of witnesses, Who injury reported to,
Name of Treating Doctor, Prior history of similar injuries, Occupation,
Workplace industry, Address where worked most of the time, Gross
weekly pay, Hours worked, Working hours, How many people at the
workplace, Full-time, Part-time, Permanent or casual, Whether they
have any secondary jobs, Details of secondary employer, Income
second job, Hours per week second job, Employers address, ABN
(company tax number), contact name and telephone number, Date
claim form given to employer/insurer, Date/name received by
employer, and Signed authority by injured worker.

The WorkCover Medical Certificate includes the following:
Statement as to whether this is an Initial, Progress or Final certificate,
Worker Details, Claim number, Name/address of injured worker,
Postcode,

Phone

number,

Date

Of

Birth,

Employer

name/address/postcode, Occupation, Hrs/wk worked, How the injury
occurred, Date Of Injury, Medical Diagnosis, Work-relatedness of
condition/injury, Date of next treatment review, Fitness for Work
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Certification –(unfit for work, partially fit, totally fit), Whether
workplace assessment is requirement, Date of examination, Detailed
list of medical restrictions, Treating Medical Practitioner details and
the Injured Worker’s Consent

4.3

Data Obtained by Insurer But Not Accessible For Analysis

The medical certificate contains one Data Field which was not
provided for analysis: the statement from the treating doctor as to
whether they considered the injury being certified to be work-related.
This is however assumed information given that the insurer had
accepted this certificate on its data base.

Data Set A otherwise

provided all of the de-identifiable information available on the medical
certificate.

Data Set B did not record the type of medical certificate.

As noted above, both Data Sets A and B used common forms for the
Notification of Injury and for the Medical Certificate.

Table 14,

Appendix 1, demonstrates however that this researcher was provided
only with partial access to the available data fields, with the two data
sets providing overlapping, but dissimilar fields.

Neither data set provided the following information fields recorded on
the Notification of Injury form:
•

The prior normality of the injured part,
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•

the presence of a witnesses,

•

who the injury was reported to,

•

was there a prior history of similar injuries,

•

whether they have any secondary jobs,

•

the details of the secondary employer,

•

the income in their second job,

•

The hours per week worked in their second job.

The above are data fields included in the forms which are completed at
the time of claim notification. It is not known if this information was
never asked of the person completing the form, was asked for but not
supplied by the person completing the form, was collected in hard/soft
copy and not transcribed/moved to the insurer’s data storage system,
or was available in the insurer’s data storage system but not provided
to the researcher for analysis. In both cases (Data Sets A and B), the
insurer confirmed that they provided this researcher with all of the
retrievable data.

4.4

Data Set A Analysis

4.4.1 Response Variable – Time D.O.I. to Final Medical
Certificate
Data Set A included data on 1442 cases, with Response Variable data
missing on 65 cases (giving 1377 analysable cases).
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The Response Variable is the time taken from D.O.I. to the Final
Medical Certificate.

The distribution of the Response Variable is

summarised again in Table 16, Appendix 1.

The mean is 48.3 days and median 25.0 days, but is not in a normal
(

) distribution (being a decay curve with a superimposed peak

close to the mean). The S.D. is 55.5 days. The distribution is of this
variable is depicted in a histogram plot (Figure 6).
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Figure 6 – Response Variable Histogram Plot:
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4.4.2 Medical Certification
The medical certificates were classified as Initial, Progress or Final.

Figure 7 describes the distribution of these endpoint medical
certificates. Data was missing for 43.
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Figure 7 – Type of Medical Certificate
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The medical status of the worker at the time of their final certificate
was classified as:
•

Unfit (remains off work certified unfit for work),

•

Permanent Modified Duties (a final medical certificate stating
that the worker is performing duties other than their full preinjury duties),

•

Fit for Suitable Duties (performing duties other than their preinjury duties), and

•

Fit for Pre-injury Duties.

Figure 8 describes the distribution of the medical certification at the
endpoint. Data was missing for 41.
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Figure 8- Medical Certification at the Endpoint
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Figures 7 and 8 are consistent, in that 18.8% of medical certificates
were described as progress reports (Figure 6) compared with 18.0%
not being certified with a permanent status (Figure 7); being either Fit
for Suitable Duties, or Fit for Pre-injury Duties.

4.4.3 Response Variable – Time Insurer Notification to Final
Medical Certificate
The alternate Response Variable of “Days Insurer Notification to
Endpoint” was also considered. This is a derived variable calculated
from the difference between the date of insurer notification and the
D.O.I.

Descriptive analysis of the date of insurer notification found there to
be 945 missing values. This large number of missing values prevents
meaningful analysis of this variable.
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A descriptive analysis of this variable (by Percentile) is set in Table
17, Appendix 1.

There is a significant +ve skew (mean 2408 compared with median
19), with S.D. 55.4. 76 cases (5.51%) had no days off work (R.T.W.
Endpoint 0).

Analysis of this variable by Scatter Plot suggests an almost direct
linear relationship between Days to Insurer Notification and R.T.W.
Endpoint (Figure 9)

P a g e | 70
Figure 9 - Scatter plot – Days to Insurer Notification vs. Time
D.O.I. to Endpoint
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This Scatter Plot also identifies multiple outliers. Both the date of
injury and the date of insurer notification for these outliers were
confirmed by the organisation which provided Data Set A as being
accurate. The specific details of these outliers are detailed in Table 18,
Appendix 1.

This Scatter Plot was re-calculated capping the Predictor Variable at
500 (Figure 10), and transforming the Response Variable to Log10
(Figure 11). No linear relationship was demonstrated.
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Figure 10 - Scatter plot – Days to Insurer Notification (capped at
500) vs. Time D.O.I. to Endpoint
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Figure 11 - Scatter plot – Days to Insurer Notification (capped at
500) vs. Time D.O.I. to Endpoint (Log10 transformation)
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Where the time from D.O.I. to insurer Notification exceeds
approximately 250 days (36 weeks) the variation in endpoint is almost
directly related to the time to notification to the insurer.

Given

however that most of these outliers were certified fit to perform their
pre-injury duties on a final medical certificate, this association with
R.T.W. outcome most likely reflects administrative issues (such as
there being a significant delay between the D.O.I. / employer
notification and the Insurer being notified), rather than a delayed
notification of injury being associated with a poor R.T.W. outcome.

To minimise interference from these outliers Data Set A analysis thus
performed with cut-off at 250 days (which is above the 97.5th Quartile)
(Table 19, Appendix 1).

4.4.4

Predictor Variables

4.4.4.1

Gender

This group is 41% Male.

The One way ANOVA analysis of Gender against Days to Endpoint
results are summarised in Table 20, Appendix 1. For Female (n =
2492) the mean is 82 days and for Male (n = 4868) the mean is 73
days. R2 = 0.00698. There are 1717 missing values.
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Thus, although ANOVA was unable to demonstrate the presence of a
strong relationship between Gender and Days to Endpoint,
qualitatively, compared with males, females have a longer time to
endpoint.

Proportional Hazards Analysis calculates the M/F Hazard Ratio as
1.27. Thus, no significant difference in survival outcomes was found.

4.4.4.2

Occupation

In this Data Set Occupation was coded numerically, without being
explained.

This variable was not analysed due to:
•

lack of variance - code 8211 consisted of 529 of the 853 listed
occupations, 92 of code 7993, 84 of code 8291 then 47 of code
9213, and 35 of code 9221. 12 codes had 5 or less values.

•

Missing values – only 853 listed of 1442 (41% missing).

4.4.4.3

Type of Employment

Type of employment was classified as:
•

Casual

•

Part time

•

Permanent
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Figure 12 summarises the descriptive analysis results for Type of
Employment.
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Figure 12 Distribution of Type of Employment

Permanent

Gender is expected to influence Type of Employment, reflecting the
different societal gender roles. In anticipation of this, ANOVA of
Type of Employment was performed controlling for gender.

Controlling for Female gender: 45 cases had missing data. R2 =
0.00952.

This was interpreted as there being no detectable

relationship between Type of Employment (controlled for Female
Gender) and Days to Endpoint (Table 21, Appendix 1).

Controlling for Male gender:
0.00723.

20 cases had missing data.

R2 =

This was interpreted as there being no detectable

relationship between Type of Employment (controlled for Male
Gender) and Days to Endpoint (Table 22, Appendix 1).
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4.4.4.4

Diagnosis

There were 612 different diagnoses, with 743 missing values. These
diagnoses appeared to be individually typed into the data base, with
every difference (in spelling or capitalisation of a letter) being
recorded by the computer as a different diagnosis. For example, Table
23, Appendix 1 provides a descriptive analysis of the variants of the
diagnostic label “lower back pain”.

No diagnostic categories had n greater than 64.

Due to the large number of missing values, the small size of the groups
and the duplication of labeling this data field was unable to be
analysed in this form.

4.4.4.5

Bodily Location

There are 61 different recorded bodily location of injury, with no
missing values.

Oneway ANOVA calculated a R2 0.121 of Body Location against the
Response Variable.

This is interpreted as the variation in the

Response Variable is largely not explained on the basis of variation in
Body Location.

Table 3 lists those Body Locations with a count exceeding 64 and with
Confidence Limits that do not include one.
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Table 3 Bodily Location
Body
Location

Mean

Count

Fingers

18

99

Knee

58

78

Lower Back

54

253

Shoulder

71

130

Wrist

54

38

When compared with the Responder Variable mean of 48, (SD 55) no
Body Locations are more than one SD from the Responder Variable
mean. There is a trend for injuries localized to the Knee and Shoulder
to have a prolonged RTW Outcome, and Finger injuries to have a
shortened RTW Outcome.

Proportional Hazards survival analysis was performed to assess a
relationship between Bodily Location and Days to Endpoint (Table 24,
Appendix 1).

Only those subgroups with more than 65 cases were considered (to
maximize power). Where the Confidence Limit, or “C.L.” (Upper and
Lower Confidence Limits), includes one the result was considered to
be not statistically significant.
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Table 4 summarises the bodily locations that meet the criteria of
having 65 or more cases in their groups, and the C.L. which does not
include unity.

Table 4 - Proportional Hazards Survival Analysis Between Bodily
Location and Days to Endpoint, Reduced Data.

Location of Injury

Count

Hazard Ratio

Lower back

262

0.579

Shoulder

135

0.441

Fingers

102

1.440

Knee

79

0.559

On a multiplicative scale, shoulder was the body location for which
the Hazard Ration was furthest from one. Its risk ration of 0.441
shows a statistically different R.T.W. outcome (in this case a shortened
outcome) compared with the general population.

4.4.4.6

Mechanism of Injury

There are 30 different recorded Mechanisms of Injury, with 30 missing
values (Table 25, Appendix 1).

Oneway ANOVA calculated a R2 of 0.107 indicating that the variation
in the Response Variable could not be largely explained on the basis of
variation in the Mechanism of Injury.
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Table 5 lists those MOI with a count exceeding 64 and with
Confidence Limits that do not include one.

Table 5 – Descriptive Analysis of MOI
MOI

Mean

Count

Being Hit By Falling Objects

28

93

Being Hit By Moving Objects

23

74

Falls On The Same Level

53

125

Hitting Stationary Objects

26

133

Muscular Stress

59

182

Muscular Stress, Lifting etc

61

447

Vehicle Accident

42

56

When compared with the Response Variable mean of 48, (SD 55) no
Body Locations are more than one S.D. from the Response Variable
mean. There is a trend for injuries involving a M.O.I. of either hitting
stationary objects or being hit by moving / falling objects to be
associated with a shortened R.T.W. outcome.

Proportional Hazards survival analysis was performed to assess a
relationship between Mechanism of Injury and Days to Endpoint
(Table 26, Appendix 1).

On initial analysis the following trends were identified.

The following Mechanisms of Injury are associated with increased
R.T.W. outcomes:
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•

Exposure to Workplace/Occupational Violence

•

Falls On The Same Level

•

Muscular Stress

•

Muscular Stress No Object Handled

•

Muscular Stress, Lifting Etc

•

Repetitive Movement

•

Work Pressure

The following Mechanisms of Injury are associated with shorted
R.T.W. outcomes:
•

Hitting Moving Objects

•

Stepping, Kneeling On Objects

Table 6 summarises the bodily locations that meet the criteria of
having 65 or more cases in their groups, and the C.L. which does not
include unity (from Tables 24 and 25, Appendix 1).

Table 6 - Proportional Hazards Survival Analysis Between
Mechanism of Injury and Days to Endpoint, Reduced Data.

Mechanism of
Injury

Count

Hazard Ratio

Falls on the same
level

129

0.68

Muscular stress

187

0.61

Muscular stress,
lifting etc

465

0.57
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When however the inclusion criteria of the Hazard Ratio being 0.5 or
> 2.0, on a multiplicative scale, no Mechanism of Injury met
significance.

4.4.4.7

M.O.I. and L.O.C. Codes

It might be expected that the relationship between mechanism of
injury and location of injury would have some impact on predicting
failure to return to work. If it is postulated that there is a significant
non-physical component to the determinants of failure to return to
work, then injuries for which there is no clear (physical) mechanism of
injury, and/or injuries where the bodily location of the injury seems
unrelated to the mechanism of injury should be predictive of failure to
return to work.

This researcher created a simplified coding system (L.O.C. Code) to
test this hypothesis. This coding system consisted of a code for the
bodily location of the injury (L.O.C. Code, Table 27, Appendix 1) and
for the mechanism of injury (M.O.I. Code, Table 28, Appendix 1).

Potential relationships between M.O.I. code and L.O.C. code were
explored by Partitioning analysis with J.M.P. Table 29, Appendix 1
details the most significant M.O.I. and L.O.C. code combinations with
the mean R.T.W. outcome (Mean).
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Thus, when Partitioning analysis was performed the following M.O.I.
were associated with an improved R.T.W. Outcome:
•

Other / multiple categories

•

Heat injuries / burns / electrical / biological exposure

•

Hitting object

•

Hit by object

•

Chemical contact

•

Crush / trapped

•

Animal / insect bite / sting

•

Muscular Stress (no object)

The following combinations of M.O.I. with Bodily Part injured were
associated with a prolonged R.T.W. Outcome:
M.O.I.:
•

Slips / trips / falls

•

Harassment / bullying / violence / stress

•

Muscular Stress (no object)

•

Lifting

•

Posture / stepping / kneeling / sitting / repetitive movement

And Bodily Location of:
•

Psychological

•

Multiple

•

Other

•

Upper Limbs
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Table 30, Appendix 1 summarises the results of Proportional Hazard
Analysis of M.O.I. and L.O.C. Codes.

Thus when Proportional Hazard analysis is performed, the following
was associated with a prolonged R.T.W. outcome:
•

Lifting

•

Muscular Stress (no object)

•

Posture / stepping / kneeling / sitting / repetitive movement

The following were associated with a reduced R.T.W. outcome:
•

Slips / trips / falls

•

Heat injuries / burns / electrical / biological exposure i.e.
environmental

When the results of both forms of analyses are combined, the
following are associated with a prolonged R.T.W. outcome
•

Lifting

•

Muscular Stress (no object)

•

Posture / steeping / kneeling / sitting / repetitive movement

Only Heat injuries / burns / electrical / biological exposure are
associated with a shorted R.T.W. outcome.
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When however the inclusion criteria of the Hazard Ratio being 0.5 or
> 2.0, C.L. not including unity and the group size being more than 64
variables were applied there was no relationship between M.O.I. or
L.O.C. codes and Days to Endpoint.

4.4.4.8

Age

Table 31, Appendix 1summarises the results of descriptive analysis of
Age by Quantiles. The mean is 32.4, median 32.7 and SD 12.3. The
distribution is demonstrated graphically at Figure 13. This data is not
distributed normally (

).

Figure 13 – Distribution of Predictor Variable Age
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Bivariate Fit of Days to Response Variable failed to identify any linear
fit (R2 0.0260).

Proportional Hazard analysis calculated a Hazard Ratio of 0.532. This
is not statistically significant, but trends towards advancing age being
associated with a shortened R.T.W. outcome.
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Age however, was identified as a Response Variable discriminator
with Partitioning.

4.4.4.9

Income

Income was filtered for a minimum income of $10 in order that
missing values would not be interpreted as $0 and included in the
statistical analysis. Table 32, Appendix 1 summarises the results of
descriptive analysis of Income by Quantiles, with this being
graphically depicted at Figure 14.

The mean is 598 and median 768 (S.D. 376) demonstrates that Income
distribution is not normally distributed (

).

Figure 14 – Distribution of Predictor Variable Income
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Bivariate Analysis was unable to identify a significant relationship
between Income and the Response Variable (R2 0.0113).
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Proportional Hazards analysis calculated a Hazard Ratio over the
entire range of 0.0156.

4.4.4.10

Work Hours

Table 33, Appendix 1 summarises the results of descriptive analysis of
Work Hours by Quantiles.

The mean is 36.2 and median 38.0 (S.D. 5.62) suggests that Work
Hours is close to being normally distributed. It is more however that
this simply reflects the lack of spread of this variable. Work Hours is
plotted (Figure 15) as a Histogram with superimposed Normal
Distribution fit curve (

).

This variable is not Normally distributed.

0.70
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Figure 15 - Descriptive Analysis of Work Hours
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Bivariate Analysis was unable to perform a linear fit (R2 0.008).

Proportional Hazard analysis calculated a Hazard Ratio of 1.89 (not
significant).
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4.4.4.11

Workplace Size

Table 34, Appendix 1 summarises the results of descriptive analysis of
Workplace Size by Quantiles.

The mean is 171 and median 150 (S.D. 118) suggesting that
Workplace Size distribution is not normally distributed, confirmed
with the histogram plot, Figure 16 (

).

Figure 16 – Distribution of Predictor Variable Workplace Size
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4.4.4.12
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Days to Insurer Notification

Table 35, Appendix 1 summarises the results of descriptive analysis of
Days to Insurer Notification by Quantiles. This is graphically depicted
at Figure 17.

The mean is 60.1 and median 19.0 (S.D. 154) demonstrates that Days
to Notification is not normally distributed (

).
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Figure 17 – Distribution of Predictor Variable Time to Insurer
Notification
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Bivariate analysis calculates a degree of fit with R2 of 0.325. This
suggests that a moderate component of the variation in the Response
Variable is explainable on the basis of the variance in the variable
Days to Insurer Notification. This relationship disappears when the
Response Variable changes to Days from Insurer Notification to
Endpoint (R2 0.001).

Proportional Hazards analysis calculated a Hazard Ratio of 0.003,
indicating a strong relationship. The Hazard Ratio became 1.61 (not
significant) when the Response Variable became Days from Insurer
Notification to Endpoint.

4.4.4.13

Regression Analysis

With the Response Variable being Days from D.O.I. to Endpoint, the
following (Nominal) Predictor Variables were analysed by Stepwise

P a g e | 88
Regression, and re-analysed with the Response Variable being
transformed to Log10.
•

Age

•

Income

•

Work Hours

•

Workplace Size

•

Days to notification

•

Gender

•

Type of Employment

•

Bodily Location

•

Diagnosis

•

Mechanism of Injury

Twenty steps were performed in the Regression Analysis. Seventeen
of these steps related to various Diagnoses. There was no clearly
discernable pattern to the diagnoses analysed, with the diagnoses being
patient specific rather than according to diagnostic categories. For
example, the diagnoses in the first step of analysis included” STI Head,
Neck, Left Shoulder, Multiple STI, Anxiety, STI Rt Knee, Bone
Bruising L Knee, # ribs, STI Arm/Leg & L shoulder, C7 – T1 disc,
tendonitis left thumb & L elbow”.

Other parameters included in this analysis included Days to
Notification (6th), Work Hours (13th) and Type of Employment
(Permanent – Part time).
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R2 was 0.965 (forward) and 0.964 (backward). This very large R2
suggests that most of the variance in the Response Variable can be
explained on the basis of the variance in the Predictor Variables.

When the same variables were analysed against Time of Insurer
Notification to Endpoint a much stronger association was found (R2
0.984 forwards and 0.983 backwards).

4.4.4.14

Proportional Hazards Analysis

The software used in this analysis (J.M.P.) was unable to perform
Proportional Hazards Analysis (stating that it was “Past Maximum
Iterations” – that is, insufficient computing power) on the combination
of:
• Age
• Income
• Work Hours
• Workplace Size
• Days to Notification
• Gender
• Type of Employment
• Bodily Location
• Mechanism of Injury.
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Proportional Hazards Analysis was able to be performed on the
following:
• Age
• Work Hours
• Income
• Days to Notification
• Workplace Size

Table 35,6Appendix 1, summarises the results of this Proportional
Hazards Analysis. No significant difference was found between these
variables and Return-to-Work Outcomes.

Re-Analysing the data

transforming the Response Variable to Log10 Days to Endpoint
minimally weakened the relationships.

4.4.4.15

Partitioning

The following variables were analysed by Partitioning against the
Response Variable:
• Gender
• Mechanism of Injury
• Body Location of injury
• Income
• Workplace Size
• Age
• Work Hours
• Diagnosis.
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With this analysis the dominant variable was Diagnosis. Diagnosis
was the only discriminator variable to 7 levels of splitting. There was
no small grouping of Diagnoses grouped with short Return-to-Work
Outcomes. The group with the shortest Return-to-Work Outcome (36
days) had in excess of 100 diagnoses.

The following diagnoses were associated with prolonged Return-toWork Outcomes:
• Mean of 143 days – Left Foot Injury, Patellofemoral Pain,
Lateral Epicondylitis, Fractured Food, and Right Medial
Epicondylitis.
• Mean of 122 days – Hernia, Right Shoulder S.T.I. (Soft Tissue
Injury), Right Neck Injury, Cervical Disc Protrusion, and
Shoulder Pain.
• Mean of 117 days – Sprained Right Ankle, Laceration to Nose,
Supraspinatus Tear Left Shoulder, Upper Back Strain, Left Eye
Laceration, and Left Shoulder Injury.

With Diagnosis excluded as a variable, Partitioning analysis identified
the following split points in the following order:
1. Days to Insurer Notification at < or >= 50 days,
2. Bodily Location of Injury,
3. Income < or >= $241.03,
4. Days to Insurer Notification at < or >= 107 days, and
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5. Age < or >= 46 years.

All splits between the 2nd and 7th levels were performed on the Days to
Notification >= 50 days group. Splits 6 and 7 were of Bodily
Location.

Subsequent splits (numbers 8 and 9) were performed on the Days to
Notification < 50 groups (by Age < or >= 40 and Income < or >=
$254.35.

Using this form of analysis the groupings associated with the shortest
Return-to-Work Outcomes were:
•

Days to Notification < 50 with certain Body Locations and
income < $254.35 with mean 17 days.

•

Days to Notification >=50 with Income < $241.03 and Days to
Notification < 107 and certain Body Locations with mean 20
days.

The grouping with the longest Return-to-Work Outcome was:
•

Days to Notification >= 50 with Income >= $241.03 and certain
Body Locations with mean 104 days.

Table 7 compares those Bodily Locations included with the subgroups
with shortest and longest Return-to-Work Outcomes.
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Table 7 – Bodily Location by Outcome.
Shortest R.T.W. Outcome (mean of
17 days)

Longest R.T.W. Outcome (mean
of 104 days)

Ocular Adnexa

Trunk and Limbs

Unspecified Locations

Foot

Unspecified Multiple Locations

Thumb

Abdomen – Other and Multiple

Elbow

Mouth

Wrist

Respiratory System in General

Lower Back

Brain

Toes

Eyeball

Back – Other and Multiple

Head – Unspecified Locations

Neck Bones

Cranium, Head and Other

Muscles And Tendons

Other – Multiple Systemic Conditions

Upper Limb – Multiple Locations

Eye – Unspecified

Knee

Toes

Upper Arm

Head – Multiple Locations

Pelvic Bones

Chest Muscles

Muscles, Tendons – Hand

Fingers

Lung, Trachea, Bronchus

Face

Forearm

Major Amount External Surface Body

Ankle

Forearm

Shoulder

Hand

Abdominal Muscles, Tendons

Upper Leg

Neck and Shoulder

Neck – Unspecified

Psychological System in General

Foot
Trunk – Multiple Locations
Thumb
Ankle
Lower Leg
Hip

P a g e | 94
Nose
Neck –Other and Multiple
Lower Limb – Multiple Location

The nature of this form of analysis does not allow comment on the
statistical significance of identified associations, merely collecting
subgroups with similar outcomes.

The suggestions arising from this analysis is Diagnosis is a strong
discriminator of Return-to-Work Outcome. There does not however
appear to be a clear medical explanation for the demonstrated groupings
of Diagnoses.

Additional discriminators include (shorter) Days to

Notification of Injury, (lower) Income, the Bodily Location of the injury
and (younger) Age may all be associated with shorter Return-to-Work
Outcomes.

Although included in this statistical modeling technique, the following
variables were not identified as being discriminatory during the
partitioning process:
•

Work Hours

•

Workplace Size

•

Gender

•

Type of Employment

•

Mechanism of Injury
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4.5

Data Set B Analysis

4.5.1 Response Variable – DOI to Final Medical Certificate
Data was obtained off all claims lodged with a date of injury
(affliction date) between 01 March 2007 and 30 June 2007. The
details of all medical certificates received immediately prior to 3months post date of injury are included.

This data was available on 7671 cases (with 1406 missing data). 638
cases had no time off work (Return-to-Work Endpoint being 0 days)

Table 37, Appendix 1 summarises the results of descriptive analysis of
the Dependent Variable (Days to Return-to-Work Endpoint) by
Quantile.

The mean is 73.0 and median 72.0.

Figure 18 graphically depicts the distribution of the Response Variable
DOI to Endpoint. This pattern does not fit Normal (
Normal (

) distribution fits.

The distribution does roughly

approximate the Weibull with Threshold fit (
Survival type distribution.

) and Log

), suggesting a
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Figure 18 – Response Variable DOI to Endpoint distribution
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4.5.2 Response Variable – Insurer Notification to Final Medical
Certificate

Figure 19 graphically depicts the distribution of the Response Variable
DOI to Endpoint.

Figure 19 – Response Variable Insurer Notification to Endpoint
distribution
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This pattern does not fit Normal (
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). Log Normal transformation

could not be performed due to the presence of negative values (

).
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The distribution does approximate the Weibull with Threshold fit
(

), suggesting a Survival type distribution.

4.5.3 Medical Certification
The medical status of the worker at the time of their final certificate
was classified as:
•

Unfit (remains off work certified unfit for work)

•

Resumed (have resumed their pre-injury duties)

•

Modified (performing pre-injury duties with modifications)

•

Alternate (performing different duties to their pre-injury duties)

Table 38, Appendix 1 summarises the results of descriptive analysis of
the Final Medical Certificate, with this being graphically depicted in
Figure 20.
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0.10
Alternate Modified Resumed

Unfit

Probability

Figure 20 – Type of Medical Certificate

P a g e | 98
4.5.4

Predictor Variables

4.5.4.1

Gender

This was 67.5% Male. There were missing data in 7 cases.

The Oneway ANOVA analysis of Gender against Days to Endpoint
results are summarised in Table 39, Appendix 1. The values are in
Days.

For Female (n 2945) the mean is 80.1 days and for Male (n 6131) the
mean is 65.5 days. R2 = 0.00865. This is interpreted as there being no
detectable relationship between Gender and Days to Endpoint (even
though there appears to be a large difference between the means).

Proportional Hazards analysis of Gender against the Response
Variable calculates the Hazard Ratio (M/F) is 1.19, indicating that
there is no statistically significant difference in survival outcomes.

4.5.4.2

Occupation

Three Hundred and Seven different occupations were listed, with data
being missing in 7 cases. The commonest 18 occupations (53.2% of
total) are listed in rank order in Table 40, Appendix 1.
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Stepwise Regression of Occupation against the Response Variable
found an R2 of 0.0619. This is interpreted as there being no identified
significant association.

When Proportional Hazard analysis was performed; there were no
occupations with a count at least 65, with a Hazard Ratio less than 0.5
or greater than 2.0, and where the C.L. did not include unity. Table
41, Appendix 1 summarises the findings for those occupations
identified by Proportional Hazards analysis as having the greatest
protective or worsened effect on Return-to-Work outcome.

4.5.4.3

Type of Employment

Employment was classified in 19 subgroups, only 4 of which had a
population of greater than 64 (Table 8). Data were missing in 8.

Table 8 - Types of Employment
Type of Employment

Count

Full Time Employee

6432

Other Employee

1256

Part Time Employee

1149

Full Time Other Apprentice

130

The remaining groupings had a population of 35 or less. Thus 71% of
all cases were grouped in a single Type of Employment. There is no
differentiation between permanent and casual employment and no
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description as to the inclusion criteria for the category “Other
Employee” (comprising 14% of the total population).

This variable was therefore not analysed in this Thesis.

4.5.4.4

Diagnosis

Ninety-two different diagnoses were recorded.

Twenty of these

diagnostic groups had n greater than 64, totaling 8097 cases (90%).
Data was missing in 8 cases.

Oneway ANOVA against the Response Variable calculated R2 of
0.113 (no significant relationship).

Proportional Hazards analysis of Diagnosis calculations are detailed in
Table 42, Appendix 1.

When however the inclusion criteria of the Hazard Ratio being 0.5 or
> 2.0, C.L. not including unity and the group size being more than 64
variables were applied, the above table reduced to the following being
associated with a prolonged Return-to-Work outcome (Table 43,
Appendix 1).
•

Burns, not elsewhere classified

•

Laceration or open wound not involving traumatic amputation
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4.5.4.5

Bodily Location

Seventy-six Bodily Location of injury are recorded, with data missing
in 8 cases.

Oneway ANOVA calculated a R2 0.0880 of Body Location against the
Response Variable.

This is interpreted as the variation in the

Response Variable is largely not explained on the basis of variation in
Body Location.

Table 9 lists those Body Locations with a count exceeding 64 and with
Confidence Limits that do not include one.

Table 9 – Condensed Descriptive Analysis of Bodily Location
Diagnosis

Mean

Count

Abdominal Muscles and Tendons

92

239

Ankle

58

239

Back – unspecified

70

354

Back – Other and Multiple

71

124

Elbow

89

220

Fingers

44

471

Foot

63

201

Forearm

59

146

Hands

59

293

Knee

85

690

Lower Back

77

1232

Lower Leg

58

147

Neck Unspecified

77

129

Neck bones, muscles and tendons

77

96
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Psychological System

78

787

Shoulder

96

732

Thumb

54

191

Upper arm

83

67

Upper back

64

82

Wrist

80

339

The Responder Variable has a mean of 73 and Standard Deviation of
54. No Body Locations are more than one S.D. from the Responder
Variable mean (with Fingers being more than one-half of one S.D
from the mean). There is a trend however for prolonged Return-toWork Outcomes with injuries to the body locations of Shoulder,
Elbow and Abdominal Muscles. There is a trend toward a reduced
Return-to-Work Outcome with Thumb, Forearm, Fingers and Ankle.

Proportional Hazards analysis calculations are detailed in Table 44,
Appendix 1. When however the inclusion criteria of the Hazard Ratio
being 0.5 or >2.0, C.L. not including unity and the group size being
more than 64 variables were applied, the above table reduced to Table
45, Appendix 1.

Injuries to the following Bodily Locations were associated with a
reduced Return-to-Work outcome:
•

Neck and Shoulders

•

Shoulder
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Injuries to the following Bodily Locations were associated with a
prolonged Return-to-Work outcome:
•

Face, not elsewhere classified

•

Mouth

Regression Analysis did not identify any significant relationship (R2
0.113).

4.5.4.6

Mechanism of Injury

Forty-six Mechanisms of injury are listed, with data missing in 8
cases.

Oneway ANOVA calculated a R2 of 0.0690 indicating that the
variation in the Response Variable could not be largely explained on
the basis of variation in the Mechanism of Injury.

Table 10 lists those M.O.I. with a count exceeding 64 and with
Confidence Limits that do not include one.

Table 10 – Condensed Descriptive Analysis of M.O.I.
MOI

Mean

Count

Being Assaulted By A Person or 64
Persons

126

Being Hit By Falling Objects

52

234

Being Hit By Moving Objects

46

379

Falls From A Height

66

373

P a g e | 104
Falls On The Same Level

73

821

Harassment

81

248

Hitting Moving Objects

51

141

Hitting Stationary Objects

57

273

Muscular Stress Lifting, Carry, Putt 82
Down Object [sic]

1341

Muscular Stress While Handling 83
Objects Other

1170

Muscular Stress With No Objects 76
Being Handled

385

Other Mental Stress Factors

68

190

Repetitive Movement, Low Muscle 93
Loading

485

Stepping, Kneeling Or Sitting On 76
Objects

340

Vehicle Accident

62

196

Work Pressure

83

240

When compared with the Responder Variable mean of 73, (S.D. 54)
no Body Locations are more than one S.D. from the Responder
Variable mean. There is a trend for injuries involving a M.O.I. of
being hit by (0.5 S.D. from the mean) or hitting objects and falls to be
associated with a shortened Return-to-Work Outcome. There is a
trend for Repetitive Movement with low muscle loading to be
associated with a prolonged Return-to-Work Outcome.

Proportional Hazards analysis of Mechanism of Injury calculations are
detailed in Table 46, Appendix 1.
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When the inclusion criteria of the Hazard Ratio being 0.5 or > 2.0,
C.L. not including unity and the group size being more than 64
variables were applied (Table 47, Appendix 1) the Mechanisms of
Injury Contact with hot objects and Long Term Exposure to Sounds
were associated with a prolonged Return-to-Work outcome.

4.5.4.7

Age

Table 48, Appendix 1, summarises the results of descriptive analysis
of Age by Quantile. The mean is 42.3and median 43 (S.D. 12.5).

Figure 21 graphically depicts the distribution of this variable. This
data is not Normally distributed (

).

Figure 21 – Distribution of Age
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Bivariate Fit of Days to Response Variable failed to identify any linear
fit (R2 0.0312).

Proportional Hazards Analysis calculated a Hazard Ratio of 0.402
(Confidence Limits of 0.354 and 0.458) over the entire range. This is
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interpreted as advanced age being associated with a shortened Returnto-Work Outcome.

4.5.4.8

Income

Table 49, Appendix 1, summarises the results of descriptive analysis
of Income by Quartiles. The mean is 604 and median 642 (S.D. 449).

Figure 22 graphically depicts the distribution of Income. This pattern
is not in a Normal distribution (

).

Figure 22 – Distribution of Predictor Variable Income
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Bivariate Fit of the Response Variable by income was unable to
identify a linear fit (R2 0.004).

Proportional Hazards analysis calculated a Hazard Ratio over the
entire range of 0.698 (not significant).
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4.5.4.9

Work Hours

Table 50, Appendix 1, summarises the results of descriptive analysis
of Work Hours by Quantile. The mean is 33.9, median 38.0 and SD
9.47.

Figure 23 graphically depicts the distribution of the variable Work
Hours. This data is not Normally distributed (

).
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Figure 23 – Distribution of Work Hours
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Regression Analysis did not identify any relationship (R2 0.000).

Proportional Hazard Analysis calculated a Hazard Ratio over the entire
range of 0.794 (with Confidence Interval including one).

This is

interpreted as being not significant.

4.5.4.10

Workplace Size

Table 51, Appendix 1, summarises the results of descriptive analysis
of Workplace Size by Quantiles. The mean is 268.3, median 50.0 and
S.D. 750.3.
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Figure 24 graphically depicts the distribution of Workplace Size. The
mean is 268, median 50.0, and SD 750.

Figure 24 – Distribution of Workplace Size

5000
3000

Count

7000

1000
0 1000

3000

5000

This pattern is not in a Normal distribution (

7000

).

Bivariate Analysis did not demonstrate a significant relationship (R2
0.000).

Proportional Hazard Analysis did not demonstrate a significant
relationship (Hazard Ratio 0.574 and Confidence Limits include one).

4.5.4.11

Days to Insurer Notification

Figure 25 graphically depicts the distribution of this variable. The
mean is 46.6, median 27.0, and S.D. 48.4.

P a g e | 109
Figure 25 – Distribution of D.O.I. to Insurer Notification
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distribution does approximate the Weibull with Threshold fit (

The
),

suggesting a Survival type distribution.

When analysed by Bivariate Fit analysis calculated R2 as 0.262
suggesting that a moderate amount of the variance in the Response
Variable was explainable on the basis of variance in Days to Insurer
Notification.

4.5.4.12

Industry

Thirteen Different industries were listed, with 8 missing values.

Oneway ANOVA calculated R2 as 0.012 indicating no significant
relationship between Industry and the Response Variable.

Table 11 lists those Industries with a count exceeding 64 and with
Confidence Limits that do not include one.
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Table 11- Condensed Descriptive Analysis of Industry
Industry

Mean

Count

Agriculture

69

153

Community Services

79

1987

Construction

67

766

Finance, Property and Business Services

65

592

Manufacturing

77

1747

Public Administration

78

156

Recreation, Personal & Other Services

63

509

Trade

71

1059

Transport and Storage

68

644

The Responder Variable has a mean of 73 and Standard Deviation of
54. No Industries are more than one S.D. (or 0.5 S.D.) from the
Responder Variable mean. There are no trends apparent in this data.

No Industries were associated with statistically significantly different
Return-to-Work outcomes when with Proportional Hazards analysis.
(Table 52, Appendix 1)

4.5.4.13

Regression Analysis

With the Response Variable being Days from D.O.I. to Endpoint, the
following Predictor Variables were analysed by Stepwise Regression:
•

Age

•

Income

•

Work Hours
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•

Workplace Size

•

Days to notification

•

Gender

•

Type of Employment

•

Bodily Location

•

Diagnosis

•

Mechanism of Injury

Twenty-eight steps were used in the Regression Analysis. Days to
Insurer Notification was the first step, with Income 3rd, Age at D.O.I.
5th, Gender 6th and Workplace Size 21st.

These parameters were

intermixed with various sub-groups of Diagnosis, M.O.I. and Bodily
Location. There was no discernable pattern to the groupings of these
parameters (other than the first group of 13 diagnoses which included
the phrase “not otherwise classified” five times). For example, the
first Diagnosis step included Concussion and other intracranial injury
not otherwise classified, Other diseases of skin and subcutaneous
tissue not otherwise classified, Other and mental disorders not
otherwise classified, Superficial injury, Traumatic amputation
including enucleation of eye, Contusion bruising crushing and
traumatic soft tissue injury not otherwise classified).

This analysis calculated an R2 of 0.375 forward and 0.373 backward.

The same analysis was also run:
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•

with the Response Variable being Days Insurer Notification to
Endpoint (R2 0.080),

•

with the Response Variable being Log10 Days D.O.I. to
Endpoint (R2 0.209).

•

with the Response Variable being Log10 Days Insurer
Notification to Endpoint (R2 0.075).

In summary, changing the Response Variable from “Days from D.O.I.
to Endpoint” to “Days from Insurer Notification to Endpoint”, or
transforming the Response Variable to Log10 did not improve the
results of Stepwise Regression.
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4.5.4.14

Proportional Hazards Analysis

Table 53, Appendix 1, contains the results of Proportional Hazards
Analysis. In summary, this analysis found no statistically significant
difference between each of the subgroups and Return-to-Work
outcomes.

This data was re-Analysing by
•

transforming the Dependent Variable to Log10 (Table 54,
Appendix 1).

•

changing the Dependent Variable to “Days from Insurer
Notification to Endpoint”. (Table 55, Appendix 1).

•

changing the Dependent Variable to “Days from Insurer
Notification to Endpoint”, and transforming it to Log10. (Table
56, Appendix 1)

These re-analyses also found no statistically significant difference
between each of the subgroups and Return-to-Work Outcomes.

4.5.4.15

Partitioning

The following variables were analysed using Partitioning:
• Age
• Gender
• Occupation
• Type of Employment
• Income
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• Work Hours
• Mechanism of Injury
• Diagnosis
• Bodily Location
• Workplace Size
• Industry

The order of splitting was:
1. Diagnosis
2. Occupation
3. Diagnosis
4. Bodily Location
5. Occupation
6. Income < or >= 96
7. Occupation

Each grouping of Occupation had in excess of 100 listed occupations.
The shortest mean R.T.W. Outcome was 28 days and the longest 89
days.

When this data was re-analysed excluding Diagnosis, and Occupation,
the splitting sequence was:
1. Bodily Location
2. Mechanism of Injury
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3. Age < or >= 32 (in a prolonged Return-to-Work Outcome
Group)
4. Age < or >= 32 (in a shortened Return-to-Work Outcome
Group)
5. Income < or >= $168
6. Bodily Location
7. Income < or >= $559.

Using this form of analysis the groupings associated with the shortest
Return-to-Work Outcomes were:
•

Various Bodily Locations and Mechanisms of injury with Age
<32 and Income < $559 and a mean of 29 days.

•

Various Bodily Locations and Mechanisms of injury with Age
>=32 and Income < $168 and a mean of 34 days.

The grouping with the longest Return-to-Work Outcome was:
•

Various Bodily Locations with Age >= 32 with mean 94 days.

The Bodily Locations associated with the longest Return-to-Work
Outcome were:
•

Hip

•

Upper Arm

•

Knee

•

Neck and Spine

•

Abdominal Muscles and Tendons
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•

Respiratory System

•

Elbow

•

Neck and Shoulders

•

Upper Limb – Multiple Locations

•

Shoulder

•

Trunk – Unspecified Locations

•

Kidney

•

Foot and Toes – Other and Multiple

•

Neck – Internal Organs and Glands

•

Other and Multiple Systemic Conditions

The implications arising from this form of analysis are that Diagnosis and
Occupation are strong discriminators when analysed against the Response
Variable. Weaker, but probably still important discriminating variables include
Age, Income, Mechanism of Injury and Bodily Location of injury.
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CHAPTER FIVE
DISCUSSION
5.1

Overview

This chapter will summarise the findings of this research, and then
discuss the findings of this research before comparing these findings
with those of the Literature Search.

Following this it will then critique these research findings (looking at
Data Quality, Statistical Power, Bias, Generalisability, Validity and
Reliability and whether the assumptions underlying Regression
Analysis have been met)

5.2

Research Findings

For Gender, there was a consistent trend for Female Gender to be
associated with a prolonged Return-to-Work outcome.

With Data Set A, although statistical significance was not reached,
qualitatively females had a longer time to endpoint than males. A
similar trend was found in Data Set B, with the mean R.T.W.
outcomes being 80 days (female) and 66 days (male).

This finding is consistent with the findings when this researcher
conducted a prospective cohort study on a Royal Australian Navy
ship’s company (n 220) deployed at sea over a 100 day period. Sick
Bay utilisation and Time Certified Unfit Usual Duties (lost time) were
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analysed by Gender, Age, Smoking, Body Mass Index (BMI), Rank
and Medical Employment Classification.

Analysis was conducted

using Regression Analysis, ANOVA and Partitioning. Female gender
and smoking were associated with increased sickbay utilisation and
lost time, with males with the highest Medical Employment
Classification or non-smoking males with lower Medical Employment
Classifications were protective of sickbay utilisation, and being a nonsmoking male over 22 years was protective of lost time. Gender,
Rank, Medical Employment Classification, Age and Smoker were all
found to be discriminator. No association was found between BMI
and either sickbay utilisation or morbidity (66).

The analysis of Diagnosis was hampered by there being a large
number of categories; many with small population numbers.
Interpretation of the results is further clouded by data inputting errors
(as evidenced for example with the multiple diagnoses relating to Back
Pain in Data Set A), and the lack of standardisation of diagnostic
categories. Despite this, some specific diagnoses were demonstrated
to be associated with prolonged or shortened Return-to-Work
Outcomes, and Diagnosis was demonstrated to be a strong
discriminator on Partitioning with both Data Sets.

Regression

Analysis in Data Set B also demonstrated a weak relationship between
the Response Variable and Diagnosis (R2 0.113). There was some
conflict between the Predictor Variables Diagnosis and Location of
Injury when similar terms were used for both. For example, the term
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“Shoulder”, when used as a Diagnosis was associated with a prolonged
R.T.W. outcome but was associated with a shortened R.T.W. outcome
when used as a Location of Injury in Data Set B. In Data Set A the
Location of Injury Shoulder was associated with a shortened R.T.W.
outcome on Proportional Hazards analysis (Hazard Ratio 0.441).

Analysis of both Data Sets demonstrated relationships between some
Mechanisms of Injury and Return-to-Work Outcomes, with there
being a relationship between combinations of Mechanisms of Injury
and Bodily Location of Injury with Return-to-Work Outcomes.
Mechanism of Injury and Bodily Location were also found to be
discriminators on Partitioning. A weak relationship was also found (in
Data Set A) between combinations of the bodily location and
mechanism of injury simplified codes and the Response Variable. In
both Data Sets Regression Analysis of Bodily Location of Injury
demonstrated a weak relationship (R2 0.121 in Data Set A and R2
0.113 in Data Set B).

Both Diagnosis and Location of Injury were strong discriminators on
Partitioning.

In summary, consistent trends were demonstrated between the
Response Variable and the Predictor Variables Diagnosis, Mechanism
of Injury and Location of Injury. Additionally, there was also a trend
toward associations with certain combinations of Mechanism of Injury
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and Bodily Location of Injury and the Response Variable (supporting
the

hypothesis

that

combinations

of

anatomically

unrelated

subcategories of these Predictor Variables are associated with
prolonged R.T.W. outcomes). This hypothesis is also supported by the
qualitative observation that non-specific diagnoses (for example,
diagnoses including the phrase “not otherwise classified”) were
associated with prolonged R.T.W. outcomes.

Although no association was demonstrated between Age and Returnto-Work Outcome in Data Set A, older age was associated with a
shortened Return-to-Work Outcome.

The lack of a demonstrated

finding in Data Set A may be partially explained on the basis of Data
Set A having a younger Median Age (33 years) than Data Set B (43
years). This finding is strengthened by the observation that with both
Data Sets, Age was found to be a discriminator on Partitioning.

Controlling for gender, there was no significant relationship between
the Type of Employment (Permanent, Casual or Full-time) and
endpoint in A. Type of employment was defined differently in B
(there being 19 subgroups) with 71% being Full-Time, and thus not
analysable.

No difference was found between Occupation and outcome in B. No
clear association was found between Income, Work Hours,
Workplace Size, and Industry and Return-to-Work outcomes.
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Days from Date of Injury to Insurer Notification was associated
with outcome DOI to Return-to-Work, but not with Insurer
Notification to Return-to-Work in A.

When Days to Insurer

Notification was excluded, Multivariate Regression analysis found no
association in A. Days to Insurer Notification was associated with
outcome in B (R2 0.262).

Regression Analysis in B calculated R2 of approximately 0.374, but
only when the Predictor Variable Time Insurer Notification to
Endpoint was included in the analysis.

In summary, this research found associations between Age,
Diagnosis, Mechanism of Injury, Bodily Location of Injury and
Return-to-Work Outcome. Although present, these associations were
either too small, or diluted by the large number of sub-groups such that
they are unable to be used to build a predictive model with these Data
Sets.

There was a consistent trend that Female gender was associated with a
prolonged R.T.W. outcome.

No significant relationship was found between Type of Employment,
Occupation Income, Work Hours, Workplace Size, Industry and
Return-to-Work Outcomes.
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In these Data Sets, the Predictor Variable Days from Date of Injury to
Insurer Notification was found to be strongly associated with Returnto-Work Outcomes (explaining approximately 1/3rd of the variance),
which is a similar level of prediction of the Orebro disability
questionnaire. When this Predictor Variable was excluded, Regression
analysis found no significant relationship between the Predictor
Variables and the Response Variable. Analysis of Data Set A suggests
however that this association reflects administrative issues rather than
being a true predictor of a prolonged R.T.W. outcome.

5.3

Comparison with Literature Review Findings

Comparing the findings of this research with the literature is difficult,
as it is unclear what the findings of this research compare with. This
research most easily compares with a combination of “staying off
work” and “going back to work”. The factors which determine which
Injured Worker will either “go off work” with an injury, or “stay at
work” with an injury are less relevant in the context of an Injured
Worker who has already gone off work (as with this research).

There is strong evidence in the literature associating Absenteeism with
receiving compensation payments or having a lawyer involved, with
workplace climate factors including job satisfaction and job strain,
increasing age and with the presence of co-morbidity (particularly
mental health). Worker expectations (which to a degree reflected that
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of their treating professionals) were a predictor of Return-to-Work
outcome.

There was weaker evidence associating Female Gender, Smoking and
Short Service in the current job with Absenteeism.

With the exception of Age and Gender, this Researcher was not able to
test the findings of the Literature with the data available.

The findings of this research conflicted with the findings in the
literature for Age (finding increasing age to be associated with a
shortened Return-to-Work outcome). Any causal association between
Age and Return-to-Work outcome is likely to be complex. Age per se,
is not an independent Predictor Variable, as age is likely to either
influence, or be influenced by Educational Level, Length of time in the
current job, the presence of co-morbidity and the degree of
Transferable Skills an injured worker has (which can become relevant
in finding alternative employment). Insufficient information is known
about the demographics of the populations analysed in the literature (in
relation to Age) to explain the difference in the findings.

These research findings agreed with the literature in relation to Female
gender being associated with a prolonged R.T.W. outcome.
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The findings of this Research support the belief that there is a poor
correlation between demographic variables and Return-to-Work
Outcomes (2).

5.4

Data Quality

The quality of the data being analysed influences the strength of any
conclusions or predictions arising from the analysis. Specific issues
which need to be considered include:
•

How good is the past at predicting the future?

•

How much of the collected data is available for analysis?

•

How accurate (Reliable) is the collected data?

•

Does the collected data contain the information we need to
make the prediction?

•

How applicable are the findings of the sample analysis to the
population?

The latter is covered in Section 5.4.

5.5

How Good is the Past at Predicting the Future?

Reasons for this assumption to be untrue if the diagnostic coding of
diseases or conditions changes (for example, the diagnostic label
“Repetitive Strain Injury”, or “R.S.I.” which had been used in the
1980’s is now no longer used), changes in the frequency of disease
occurrence, changes in legislation or entry criteria or change in
drivers.
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Drivers are those underlying factors or motivators which promote an
outcome.

Examples of outcomes include claim acceptance or

declinature, or claim closure (as would occur in the situations of an
injured worker’s injury resolving and they returning to work, or when
they are provided with permanent medical restrictions and a financial
payment.

Examples of drivers include financial (including

organisational profit) or psycho-social gain.

Whilst the characteristics of the population and the multitude of
drivers influencing Return-to-Work Outcomes are unlikely to change
significantly over the next decade two influential Drivers are likely to
change over time, being Unemployment Rates and Legislation.

The Unemployment rate influences both the motivation of the Injured
Worker to retain their job, and they having a job to return to after their
injury.

Workers Compensation Legislation can have a significant impact on
Return-to-Work outcomes through the provision of Injured Worker
benefits.

On balance however, the recent past (the time frame over which this
study was conducted) is probably reasonably predictive of the near
future (one decade).
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5.6

How Much of the Collected Data is Available for Analysis?

It is known that not all data which is being collected by the insurer at
the time of claim lodgement is available for analysis. (Both of the
jurisdictions studied used the same claim forms, and by comparing the
data fields known to be on the workers compensation claim lodgement
forms with those data fields contained in Data Sets A and B (Table 14)
it is apparent that not all collected data is available for analysis.) This
loss of availability of data is likely to limit this study’s ability to
identify factors predictive of a prolonged Return-to-Work outcome.

5.7

How Accurate (Reliable) is the Collected Data?

Specific issues to consider include Data Inputting errors, Inconsistency
of Definitions, Cross-over between Predictor Variables, and Missing
Data.

Data inputting errors were present in the supplied data as evidenced
within the Data Set A Predictor Variable “Diagnosis”. Many of these
are unknown, and largely uncheckable. The effect of these errors is
also unknown, but is likely to have resulted in a weakening of the
study findings.

There is inconsistency of definitions with the lack of standardized
terminology being a known problem with this type of research (as
evidenced by WHO ICIDH-2) with the large variation in descriptive

P a g e | 127
terms creating areas of overlap between categories, and the potential
inconsistency in assigning individual cases to categories (for example
in the situation of a case in Data Set B sustaining an injury to the
cervical spine, would this be assigned to “Neck”, Neck Unspecified”,
or “Neck bones, muscles and tendons”. Would all data inputters use
the same criteria (is there any internal or external consistency in
assigning categories)?

At times the boundaries between some Predictor Variables are at times
blurred, creating a cross-over between some Predictor Variables.
Examples of this include the Predictor Variables of Diagnosis, Bodily
Location of Injury and Mechanism of Injury. Each of these has at least
some sub-categories similar to another Predictor Variable.

This

potentially could have the effect of over-representing specific subcategories (which appear in more than one Predictor Variable) and also
creating inter-dependence between Predictor Variables (in violation of
the underlying assumptions of Regression analysis).

The supplied data does include missing data. The effect of this on the
outcome of this research is unknown, as the missing Data cannot be
analysed and compared with the supplied data. It is likely that this has
introduced a bias, but in the case of Data Set B, it is likely to have
resulted in an underestimation of effect (as cases with reduced Returnto-Work Outcomes are likely to have been over-represented in the
missing Data Set).
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In summary, this research was conducted on relatively poor quality
data, with the result that this has probably diluted any associations
present, and weakened the findings of this study.

5.8

Does the Collected Data Contain the Information We Need

to Make the Prediction?
This research has demonstrated that the supplied data does include
some of the information we need to make the prediction. This data
however needs to be “cleaned” (including for example by removal of
data inputting errors, avoidance of missing data, consistency in the use
of definitions and the collapsing of subcategories to increase sample
size) to enable associations to be identified.

By comparing the findings of the Literature Review with the findings
of this research, it is likely that Return-to-Work predictability is likely
to be improved by the addition of non-demographic data (for example,
data

measuring

worker

Return-to-Work

expectations,

Lawyer

involvement, Financial incentives to Return-to-Work, Indicators of
Psychological Distress, Educational Level and Medical Co-morbidity.

When the results of both Data Sets are taken in combination, common
findings are probably representative of Injured Workers within
Australian workers compensation jurisdictions.
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5.9

Statistical Power

There are difficulties in applying the results of population studies to
individuals (interpolating from the general to the specific). We have
no way of knowing where in the population a specific individual lies,
and thus population derived data is likely to be of only limited value in
attempting to prognosticate a Return-to-Work outcome for an
individual. This is more so the case with this Thesis, as the variable
subgroups have such a large spread (as indicated by the size of their
S.D.s).

To enable the small subgroups to be analyzed in a meaningful manner
the power calculations in this research have been limited to detecting
differences of 0.5 S.D. of the Response Variable (resulting in
subgroups with n less than 65 not being considered). The consequence
of this is that any relationships identified are relatively large, and thus
more likely to be meaningful. Any error in this research is thus likely
to be towards the Null Hypothesis (Type II, or β error).

Limiting the analysed subgroups to n of more than 64 is equivalent to
a mean Return-to-Work Outcome difference of 28 days (Data Set A)
and 27 days (Data Set B). These compare with median Return-toWork Outcomes of 25 Days (Data Set A) and 72 Days (Data Set B).

Although this study includes a large number of cases (9048), the large
number of subgroups within variables (with small n) and the short
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duration of follow-up (3 months) limits the power of this study. The
strong filtering applied to determine significance, and where possible,
analysing data using more than one statistical technique suggests that
any relationships found are probably real.

The follow-up duration of 3 months was based on WorkCover NSW
data stating that, in NSW, the 10% Tail of workers (with the longest
Return-to-Work Outcomes) fail to return to work within 26 weeks of
their injury. It was thus anticipated that following every injury for a
period of 12 weeks from the date of workers compensation insurer
notification of injury was long enough to identify those workers at risk
of constituting the workers compensation Tail.

5.10

Bias

The marked difference in mean Return-to-Work. Outcomes between
the two data sets reflects the Data Completeness Bias present in Data
Set B. In Data Set B, 15.5% of the Predictor Variable data was
missing from Data Set B. In discussion with the providers of this Data
Set, these injuries for which the data was missing were probably
minor, with these injuries resolving within 7 days of their D.O.I. This
is consistent with the finding that the median Return-to-Work
Outcome was so prolonged compared with NSW Data. The effect of
this bias is probably to result in an under-estimation of association
between the Response Variables and the Return-to-Work Outcome.
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There is evidence of inputting errors in the data, including missing
data and typographical errors (for example, with diagnoses in Data Set
A). This Thesis relies heavily upon inputted dates for its Predictor
Variables. Despite there being evidence of data inputting errors, those
Predictor Variables which have been inputted are most likely to be
valid.

By virtue of the manner in which dates are recorded

numerically (in a day/month/year format) typographic errors will
either create a very small error or a very large error. Very large errors
(in years) create impossible dates (for example with the D.O.I.
occurring after insurer notification), which have been treated in this
analysis as missing data.

As discussed above, there is little evidence to suggest that diagnostic
codes reflect the worker’s true condition, even without considering
inputting errors (which cannot be validated) this Predictor Variable is
likely to be of low reliability.

However, although there are likely to be problems with both the
reliability and validity of the data it is not possible to check this. This
Thesis assumes the absence of systemic inputting errors (other than
with the possible exception of diagnostic codes). Large errors in dates
would be expected to create impossible dates which are relegated to
missing data. This Thesis has set the level of significance to such a
level that minor non-systemic errors in inputting data are unlikely to
impact on this Thesis’ findings (given that this Thesis has considered
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both probability and power in determining its level of significance).
This analysis is further strengthened by analysing data with multiple
analytic techniques in two distinct populations to determine if apparent
associations are reproducible.

Any problems with reliability and

validity from data inputting errors are thus likely to be small
(diagnostic codes excepted), and probably err towards the Null
Hypothesis.

5.11

Generalisablity

How generalisable are the findings of the sample analysis to the
population from which they are drawn?

Data Set A is a small sample of a small sub-population within the
population of the workers compensation jurisdiction from which it is
drawn (NSW). The sub-population from which Data Set A is drawn (a
segment of the retail industry) is not representative of the NSW
worker’s compensation jurisdiction population. Data Set B is a selfselected sub-population (being workers who have sustained a workrelated injury, lodged a claim, and either taken time off work or
exceeded a financial threshold for medical costs) in a different
worker’s compensation jurisdiction (VIC). The population to which
we are extrapolating this study’s findings however are not the
population of the workers compensation jurisdiction from which they
are drawn.
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This study attempts to generalise to future workers who sustain a
work-related injury, lodge a claim and suffer a Prolonged Return-toWork Outcome.

This is a sub-population which is likely to be

markedly different to the total population of the workers compensation
jurisdiction from which it is drawn. If the predictive factors relate to
underlying drivers rather than specific demographic variables then it is
likely that any conclusions will be generalisable.

If there are

predictive factors common to both Data Sets (despite the marked
differences between these samples) then this increases the likely
generalisability of this study’s findings.

5.12

Validity and Reliability of Findings

Although data obtained were unable to be verified, and were known to
contain errors, this Thesis has maximized the validity and reliability of
its findings by:
•

Setting p at 0.05

•

Setting n > 64 to maximize power (to identify a difference in
means of > 0.5 S.D.).

•

Ensuring Confidence Limits do not include one.

•

Comparing the findings of both Data Sets.

Any associations demonstrated to meet the above rigid selection
criteria are likely to be large (0.5 S.D. is equivalent to an improvement
or worsening in Return-to-Work outcome by 27-28 days, or
approximately one month).
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5.13

Regression Analysis Assumptions

As noted above (Section 3.2.10) when performing Regression
Analysis the Case to Predictor Variable ratio should be greater than
5:1, and ideally 20:1, with the underlying assumptions of:
•

The relationship between the predictor and response variables
is linear. A lack of linearity can result in underestimation of
relationships.

•

The variables are measured without error (Reliability).
Measurement error will be reflected in error in relationship
estimation.

•

The Response Variables are independent of each other.

•

The variability in scores for the Predictor Variables is the same
for all values of the Response Variable (Homoscedasticity).

The Case to Predictor Variable ratio criteria is met with Data Set B,
but not with Data Set A (Table 12) suggesting that the Regression
Analysis findings are more likely to be meaningful with Data Set B
than with Data Set A.

Table 12:

Case : Predictor Variable Ratios

Analysable Sample Size
Gender

Data
Set A

Data
Set B

1377

7671

1

1
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Type of Employment

3

4

Medical Certification

-

4

Occupation

-

307

Industry

-

13

Diagnosis

612

92

Bodily Location of Injury

61

76

Mechanism of Injury

30

46

Age

1

1

Income

1

1

Work Hours

1

1

Workplace Size

1

1

1

1

Total Number Predictor
Variables

712

548

Case : Predictor Variable

2:1

14:1

Time
to
Notification

Insurer

The Predictor Variable Age is unlikely to be independent of the other
Predictor Variables. Time is required to gain qualifications, thus as a
minimum Age (a consequence of time) should be expected to
influence the type of occupation performed by virtue of qualifications
obtained, which may in term influence the Bodily Location of injury,
the Diagnosis and the Mechanism of Injury. Additional confounding
factors which would need to be considered with Age include comorbidity rates, physical fitness, the healthy worker effect, and
different financial and social influences as compared with the general
population. The older worker is probably not equally represented in
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all occupations, with it being anticipated that they may be
overrepresented in self-employment, in supervisory positions and in
non-manual labour occupations.

The Predictor Variable Gender is also unlikely to be independent of
the other Predictor Variables. Gender, for example, is associated with
differences in body stature, differences in physical strength and
different social roles.

There are also gender differences between

different occupations (as evidenced by the different proportion of
females in the two Data Sets). Any potential association between the
Response Variable and the Predictor Variable Gender is likely to be
complex, and not evenly distributed along the range of the Response
Variable.

Both Age and Gender could potentially influence the Type of
Employment (with semi-retired workers, or workers with significant
non-paid home duties being more likely to work Part-Time).

It is unlikely that lawyers directly either promote Absenteeism or a
prolonged Return-to-Work outcome.

Their involvement being

associated with poor outcomes is more likely to be a marker for
Systemic

Drivers

or

other

factors

(including

for

example

communication breakdown, job dissatisfaction, financial incentive), or
may simply be a flag signaling the injured worker’s intent to maximize
the benefits they receive from the workers compensation system.
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The true level of independence of the Predictor Variables is not
possible to predict, or easily measure. As suggested above, there will
be a degree both of inter-dependence of the Predictor Variables and
confounding. It is not possible to estimate the magnitude of this.

Additional error is introduced into the Regression Analysis by the
inputting errors in Predictor Variables, and the probable lack of linear
response of Response Variable to Predictor Variables. For example, it
is unlikely that there will be a linear relationship between the Predictor
Variable Age and the Response Variable. It is more likely that there
will be a stronger relationship between Age and the Response Variable
at the two extremes (younger Age being associated with task inexperience and older Age being associated with Co-morbidities, the
impending financial pressures of retirement, and difficulties in finding
new employment).

In summary, the probable failure to completely meet the underlying
assumptions of Regression Analysis is likely to introduce error, and
potentially weaken any true relationship between the Predictor
Variables and the Response Variable.

By comparing the data fields on the Claims Lodgement Forms and
Medical Certificates it is evident that not all data collected by the
donors of Data Sets A and B were available for analysis, with there
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being some fields included in neither Data Set, and some in one Data
Set only.

Lack of access to this missing Data is likely to have

weakened this study.

Consequently,

this

research

has

probably

under-estimated

relationships, increasing the likelihood that any relationships found are
real.
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CHAPTER SIX
CONCLUSIONS AND RECOMMENDATIONS

6.1

The Null Hypothesis

The Null Hypothesis is that there is no relationship between the
Predictor Variables and the Response Variable Days to Endpoint (and
Days from Insurer Notification to Endpoint). The Null Hypothesis has
been demonstrated to be false.

The primary Research Questions are, using the currently collected
data, can we determine “Which factors influence an Injured Worker’s
Return to Work”, and “Can we predict at the time of claim lodgement
which Injured Worker’s claims will become Tail Claims”?

Subsidiary questions relate more specifically to Health Informatics
data management, and include “Does the currently collected Data
contain sufficient information to answer these questions”, and “Is all
currently collected Data accessible for analysis”?

6.2

Using the Currently Collected Data, Can We Determine

Which Factors Influence an Injured Worker’s Return to Work?
In these Data Sets, the Predictor Variable Days from Date of Injury to
Insurer Notification was found to be strongly associated with Returnto-Work Outcomes (explaining approximately 1/3rd of the variance).
When this Predictor Variable was excluded, Regression analysis found
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no significant relationship between the Predictor Variables and the
Response Variable.

This research has found associations between Age, Diagnosis,
Mechanism of Injury, Bodily Location of Injury and Return-to-Work
Outcome. Although present, these associations were either too small,
or diluted by the large number of sub-groups such that they are unable
to be used to build a predictive model with these Data Sets.

The findings in relation to Gender were unclear.

Controlling for gender, there was no significant relationship between
Type of Employment, Occupation Income, Work Hours, Workplace
Size, Industry and Return-to-Work outcomes.

6.3

Using the Currently Collected Data, Can We Predict at the

Time of Claim Lodgement Which Injured Worker’s Claims Will
Become Tail Claims?
Although associations were between Predictor Variables and Response
Variables were demonstrated, this research was unable to predict at the
time of claim lodgement which Injured Worker’s claims will become
Tail Claims.

This study failed to answer this Research Question through a
combination of a lack of power and having insufficient variables (with
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a heavy reliance on demographic variables). Future studies may be
able to overcome this shortcoming by increasing the study power and
expanding the data collected at the time of claim lodgement (through
expanding the questionnaires).

Power is a function of both sample size and the effect size being
looked for. Other than by prolonging the length of the study (and the
follow-up time) it is difficult (in Australia) to increase the total sample
size. The sample size of the sub-groups can however be increased by
collapsing the number of categories.

Collapsing the Predictor

Variables Diagnosis, Bodily Location of Injury and Mechanism of
Injury into subgroups of n > 200 is likely to markedly improve
statistical power (to identify a difference of 18 days in the Response
Variable) and practical relevance of the findings.

Cleaning the Data is also likely to improve the power of a future study,
particularly in relation to addressing issues of missing data, data
inputting errors, inconsistency and ambiguity of definitions and crossover between Predictor Variables.

Finally, the likelihood of being able to answer this research question
would be improved if the data collected at the time of claim lodgement
is expanded to include variables which the literature has suggested as
being predictive. The literature identified the factors associated with
going back to work as including having a job to go back to (including
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being in an area of high unemployment), positive worker and doctor
expectations, occupation,

age (less than 50), education, mandated

rehabilitation, timely referral for services and lack of lawyer
involvement. It identified factors associated with staying off work to
include blaming others for the injury, worker expectations, sick leave
history, older age (55 – 65), lawyer involvement, psychological
distress, unemployed (no job to return to), financial incentives (and
lower income), local unemployment rate, pain intensity, poor
perception of general health, co-morbidity, depression, fear avoidance,
catastrophising, pain behaviour, ethnicity, work demands, less job
satisfaction, smoking and obesity.

6.4

Does the Currently Collected Data Contain Sufficient

Information to Answer these Questions?
No (see above).

6.5

The Implications of These Findings

The literature is replete with studies which analyse what are largely
demographic variables (including age, gender, occupation, workplace
size) and attempt to identify causal (or at least predictive) relationships
between these factors and Return-to-Work. outcomes.

No studies have attempted to predict Return-to-Work outcomes on the
basis of the information available at the time of the Injured Worker
lodging a worker’s compensation claim.
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This research has found that although it is not possible to predict
Return-to-Work outcomes by Regression analysis of existing data,
there are multiple associations with Return-to-Work outcomes buried
within the data.

Through a combination of better data management (including cleaning
of data, collapsing of categories and improved accessibility),
expanding the questions asked at the time of claim lodgement, and
utilising different analytic tools (applying Data Mining techniques
before developing Regression modes) it should be possible to
markedly improve the predictability of Return-to-Work outcomes at
the time of claim lodgement.

6.7

Recommendations

For more effective research to be conducted all of the currently
collected data needs to be accessible for analysis, the number of subgroups of the Predictor Variables reduced, the bank of questions being
asked at the time of claims lodgement needs to be expanded, and more
emphasis should be placed on the use of non-parametric and Data
Mining analytic techniques in the analysis.

In summary:
1.

The method of storage of the data currently obtained at the time
of claim lodgement needs to be changed to enable its retrieval
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for analysis. This is particularly the case with data collected by
a third party and submitted to the insurer as a separate
document.
2.

The number of sub-groups of the Predictor Variables Location
of Injury and Mechanism of injury needs to be reduced to
ensure n of 200 for most groups (in order to have an 80%
probability of being able to identify an 18 day difference in
R.T.W. Outcome within a study population of 5000).

3.

The data being currently obtained at the time of claim
lodgement needs to be expanded.

4.

Analytic techniques need to include non-parametric techniques
as the assumptions underlying parametric statistical tests will
probably not be met reducing the validity of any results
generated. In addition, Data Mining techniques are a useful
tool to assist in hypothesis generation.

6.8

Future Research

A future research project might include the application of a redesigned
and expanded questionnaire applied to Injured Workers at the time of
claim lodgement to be analysed against the Response Variable Returnto-Work Outcome. This questionnaire should include those Predictor
Variables demonstrated to be associated with the Response Variable
(but collapsing the subgroups to achieve populations of n > 200 and
eliminating ambiguity and overlap of definitions) in addition to those
non-demographic potential predictors identified in the literature. The
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literature suggests the Predictor Variables Job Satisfaction, Worker
Expectation, Lawyer Involvement and Co-Morbid illnesses would all
increase Return-to-Work predictability.

The Data Set would need to comprise of in excess of 10,000 cases,
each followed for six months.

Data Mining techniques (including Partitioning) could then be applied
to identify probable Predictor Variables (which are likely to include
sub-categories rather than categories), with these selected Predictor
Variables being utilised for the creation of a Multiple Regression
Model for later testing.
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APPENDIX A1
TABLES
Table 13 - Paper Study Design
Reference

Study Design

n

Statistical Analysis

5

Prospective Cohort

1007

Partitioning

10

Literature Review

NA

Systematic Review

14

Prospective
Observational Study

440

Multivariate Analysis

15

Cohort

433

Cox Regression

16

Cohort

20463

Univariate and Multivariate
Analysis

17

Cross Sectional
Telephone Survey

28902

Not Statistical

18

Prospective Cohort

7051

Cox Proportional Hazard
Model

19

Case Control

2610

Logistic Regression

20

Cross Sectional
Survey

3470

Multivariate Analysis

22

Retrospective Cohort

502

Bivariate Analysis

23

Cross Sectional
Survey

450

Not Statistical

24

Cross Sectional
Survey

366

Multiple Logistic
Regression

27

Cross Sectional
Survey

407

Univariate Analysis
Logistic Regression
Analysis

28

Cross Sectional
Survey

23490

30

Cross Sectional
Survey

514

Chi-square
One-way Analysis of
Variance

42

Prospective Cohort

1566

Chi-squared
Cox Regression

43

Cross Sectional
Survey

1502

Chi-squared

Linear Regression

P a g e | 154
45

Cross Sectional
Survey

518

Regression Analysis

48

Prospective Case
Series

50

Univariate Analysis

51

Cross Sectional
Survey

355

Multivariate Analysis

53

Prospective Cohort

707

Chi-squared
t-tests
Multivariate Analysis
Logistic Regression

57

Retrospective Cohort

5877

Bivariate Analysis

58

Cross Sectional
Survey

109

Modified StaufferCoventry’s evaluation
criteria

59

Cross Sectional
Survey

906

ANOVA

60

Cross Sectional
Survey

4486

Descriptive

62

Case Control

1782

Multivariate Analysis

64

Prospective Cohort

78

Regression Analysis

Table 14 – Data Fields:
Data Set

A

B

DOI

Y

Y

Time of injury

Y

N

Age at DOI (derived)

Y

Y

Gender

Y

Y

Language

Y

Y

Worker Postcode

Y

Y

Employer Postcode

Y

Y

Accident Postcode

Y

Y

Occupation

Y

Y

Industry

Y

Y
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Type of employment

Y

Y

Pre-injury Income

Y

Y

Weekly work hours

N

Y

Date claim lodged

N

Y

Date employer notified

Y

N

Date insurer notified

Y

Y

Accident type

Y

Y

Nature of injury (Data Set A describe
this as “how the injury happened”)

Y

Y

Bodily location

Y

Y

Date of MC

Y

Y

Medical Cert type

Y

N

Work Fitness (called Med Cert Type
in Data Set B)

Y

Y

Date of next appointment

Y

N

Number total employees

Y

N

Number FT employees

N

Y

Number PT employees

N

Y

Days to endpoint

Y

Y

Days to Insurer Notification

Y

Y

DERIVED DATA

The following abbreviations are used in this table:
Y
Included
N
Not included
Table 15 – Predictor Variables
Continuous

Nominal / Categorical

Ordinal

Data Set A

Data Set B

Data Set A

Data Set B

Data Set A

Data Set B

Age

Age

Gender

Gender

DOI

DOI

Income

Income

Interpreter

Interpreter

Claim
Lodged

Claim
Lodged
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Work
Hours

Work Hours

Language

Language

Claim
received

Claim
received

Workplace
Size

Workplace
Size

Occupation

Occupation

Date MC

Date MC

Days to
Notification

Days to
Notification

Type
Type
employment employment

Employer
Postcode

Employer
Postcode

Days to
Endpoint

Days to
Endpoint

Injury
Postcode

Injury
Postcode

Diagnosis

Diagnosis

Bodily
Location

Bodily
Location

Industry

Industry

Type of MC

Type MC

MOI

MOI
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Table 16 – Response Variable Data Set A:
Quantiles

Days: DOI to
Final Medical
Certificate

100

249

99.5

235

97.5

195

90

133

75

75

50

25

25

8

10

2

2.5

0

0.5

0

Table 17 – Descriptive Analysis of Days to Insurer Notification (Data Set A)
Quantile

Days

100.0%

2380

99.5%

1276

97.5%

232

90.0%

112

75.0%

76

50.0%

19

25.0%

7

10.0%

3

2.5%

1

0.5%

0

0.0%

0

P a g e | 158
Table 18 - Characteristics of Outliers; Days to Insurer Notification (Data Set A).
Serial

DOI

Date received
by employer

MC Type Certification

26

19/02/2007

10/05/2007

Final

PID

47

1/03/2007

10/04/2007

Progress

SD

66

2/03/2007

10/06/2007

Final

PID

70

15/01/2007

14/03/2007

Final

PID

72

6/03/2007

7/03/2007

Final

PID

177

27/01/2007

23/05/2007

Final

PID

406

30/04/2005

12/04/2007

Progress

PMD

551

1/10/2006

26/04/2007

Final

PID

903

1/11/2006

18/06/2007

Final

PID

918

1/03/2007

8/08/2007

Final

PID

938

1/03/2006

8/08/2007

Initial

UNFIT

939

16/11/2005

17/07/2007

Progress

SD

1182

22/04/2004

26/06/2007

Progress

SD

1248

1/01/2001

3/07/2007

Final

PID

1266

21/12/2005

5/07/2007

Final

PID

1280

1/10/2003

9/07/2007

Final

PID
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Table 19 – Quartiles for Days to Insurer Notification, cut off at 250 days. (Data
Set A)
Quartile

Days

100.0%

2380

99.5%

1276

97.5%

232

90.0%

112

75.0%

76

50.0%

19

25.0%

7

10.0%

3

2.5%

1

0.5%

0

0.0%

0

Table 20 – One way ANOVA analysis of Gender against Days to Endpoint (Data
Set A)
Level

N

Mean

Std Error

Lower 95%

Upper 95%

F

2492

82.2

1.054

80.2

84.3

M

4868

72.9

0.754

71.5

74.4

Table 21 - ANOVA of Type of Employment was performed controlling for
female gender (Data Set A)
Class

N

Mean

Std Error

Lower 95%

Upper 95%

Casual

154

42.7

4.60

33.6

51.7

Part time

258

58.4

3.56

51.5

65.4

Permanent

369

55.1

2.87

49.5

60.7
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Table 22 - ANOVA of Type of Employment was performed controlling for male
gender (Data Set A)
Class

N

Mean

Std Error

Lower 95%

Upper 95%

Casual

70

36.04

6.17

22.9

47.2

Part time

95

49.83

5.30

39.4

60.2

Permanent

404

39.34

2.57

34.2

44.3

Table 23 – Descriptive analysis of the Diagnoses for Lower Back Pain (Data Set
A)
Diagnostic Label

Count

Back Pain

2

Back STI- stress declined

1

Back condition

1

Back pain

1

Back strain

3

Low Back Pain

1

Low Back Strain

5

Low back & neck pain

1

Low back Strain

1

Low back pain

8

Low back strain

2

Low back strain L leg Pain

1

Lowe back pain

1

Lower Back Pain

1

Lower Back Strain

3

Lower Back pain

1

Lower back Sciatica pain

1

Lower back injury

1

Lower back pain

1

Lower back strain

6
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Lower bk Strain

1

Table 24 - Proportional Hazards survival analysis between Bodily Location and
Days to Endpoint (Data Set A)
Body Location

Hazard Ratio

Lower CL

Upper CL

Abdomen - Other And Multiple

5.340

0.323

23.3

Abdominal Muscles & Tendons

0.440

0.247

0.723

Ankle

0.801

0.593

1.07

Back - Other And Multiple

0.638

0.358

1.05

Back - Unspecified

0.649

0.347

1.10

Brain

3.685

1.16

8.58

Chest - Other And Multiple

0.229

0.014

0.992

Chest - Unspecified

0.638

0.039

2.77

Chest Muscles

1.025

0.547

1.74

Cranium

2.624

1.67

3.93

Ear

15.345

0.923

67.8

Elbow

0.431

0.272

0.651

Eye - Unspecified

1.795

0.454

4.63

Eyeball

2.453

1.43

3.92

Face

1.654

0.857

2.86

Fingers

1.445

1.14

1.83

Foot

0.900

0.643

1.23

Foot & Toes - Other & Multiple

0.461

0.145

1.07

Foot & Toes - Unspecified

0.446

0.027

1.93

Forearm

0.552

0.381

0.777

Hand

0.933

0.688

1.25

Hand, Fingers, Thumb & Multiple

0.643

0.163

1.66

Hand, Fingers, Thumb-unspecified

0.623

0.038

2.70

Head - Multiple Locations

1.496

0.685

2.80

Head - Unspecified Locations

1.602

0.641

3.26

Head And Neck

0.341

0.021

1.479
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Body Location

Hazard Ratio

Lower CL

Upper CL

Head And Other

2.15

0.367

6.549

Hip

0.895

0.478

1.518

Knee

0.559

0.432

0.724

Lower Back

0.579

0.482

0.695

Lower Leg

1.071

0.661

1.64

Lower Limb - Multiple Location

0.738

0.295

1.50

Lung, Trachea & Bronchus

0.313

0.054

0.955

Major Amount External Surface Body

1.07

0.065

4.65

Mouth

4.172

0.713

12.8

Neck - Other And Multiple

0.980

0.168

2.99

Neck - Unspecified

0.902

0.360

1.83

Neck And Trunk

0.566

0.353

0.861

Neck Bones, Muscles And Tendon

0.445

0.312

0.620

Neck and Shoulder

0.472

0.295

0.719

Nose

0.651

0.281

1.27

Ocular Adnexa

15.3

0.923

67.8

Other & Multiple Systemic Conditions

2.29

1.15

4.06

Other Specified Multiple Locations

0.715

0.416

1.14

Pelvic Bones, Muscles & Tendons

0.333

0.0202

1.44

Psychological System In General

0.449

0.302

0.645

Respiratory System In General

1.58

0.496

3.66

Ribs

0.808

0.323

1.64

Shoulder

0.441

0.353

0.549

Thumb

1.30

0.856

1.89

Toes

0.885

0.426

1.61

Trunk - Multiple Locations

0.912

0.522

1.48

Trunk And Limbs

0.428

0.267

0.652

Unspecified Locations

15.3

0.923

67.8

Unspecified Multiple Locations

9.29

1.58

28.7

Upper And Lower Limbs

0.673

0.405

1.05
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Body Location

Hazard Ratio

Lower CL

Upper CL

Upper Arm

0.432

0.207

0.787

Upper Leg

0.981

0.449

1.84

Upper Limb - Multiple Location

0.500

0.342

0.709

Upper Back

0.760

0.523

1.07

Table 25 – Categories of Mechanisms of Injury (Data Set A)
Mechanism of Injury

Count

Being Assaulted by a person or persons

14

Being Bitten By An Animal

2

Being Hit By A Person Accidentally

1

Being Hit By Falling Objects

95

Being Hit By Moving Object

79

Cont/Exp Biological Factor Human Origin

1

Contact With Electricity

10

Contact With Hot Objects

9

Exposure to Workplace/Occupational Violence

9

Falls From A Height

43

Falls On The Same Level

129

Hitting Moving Objects

34

Hitting Stationary Objects

141

Insect & Spider Bites & Stings

11

Long Contact With Chemical

1

Muscular Stress

187

Muscular Stress No Object Handled

54

Muscular Stress, Lifting Etc

465

Other Harassment

13

Other Mental Stress Factors

2

Other/multiple .Mechanisms Of Injury

3

Repetitive Movement

18
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Single Contact With Chemical

22

Stepping, Kneeling On Objects

3

Trapped Between Moving Objects

17

Trapped By Moving Machinery or Equipment

4

Unspecified. Mechanisms Of Injury

7

Vehicle Accident

57

Work Pressure

9

Work Related Harassment or Bullying

2
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Table 26 – Proportional Hazards Analysis of Mechanism of Injury and Days to
Endpoint (Data Set A)
Mechanism of Injury

Hazard
Ratio

Lower CL

Upper CL

Being Assaulted by a person or persons

0.660

0.370

1.09

Being Bitten By An Animal

0.343

0.0604

1.04

Being Hit By A Person Accidentally

1.30

0.0825

5.50

Being Hit By Falling Objects

1.15

0.884

1.50

Being Hit By Moving Object

1.32

0.996

1.75

Contact With Electricity

2.29

1.11

4.18

Contact With Hot Objects

1.67

0.808

3.05

Exposure to Workplace/Occupational Violence

0.407

0.174

0.808

Falls From A Height

0.915

0.651

1.28

Falls On The Same Level

0.681

0.534

0.872

Hitting Moving Objects

2.48

1.67

3.59

Hitting Stationary Objects

1.23

0.970

1.57

Insect & Spider Bites & Stings

1.27

0.660

2.21

Long Contact With Chemical

1.40

0.0890

5.94

Muscular Stress

0.607

0.487

0.771

Muscular Stress No Object Handled

0.655

0.476

0.903

Muscular Stress, Lifting Etc

0.573

0.474

0.711

Other Harassment

0.909

0.472

1.58

Other Mental Stress Factors

4.70

0.299

20.0

Other/multiple Mechanisms Of Injury

1.53

0.0971

6.47

Repetitive Movement

0.328

0.196

0.519

Single Contact With Chemical

0.987

0.592

1.56

Stepping, Kneeling On Objects

7.52

1.94

19.4

Trapped Between Moving Objects

0.900

0.523

1.45

Trapped By Moving Machinery or Equipment

1.39

0.358

3.54

Unspecified. Mechanisms Of Injury

1.10

0.403

2.36

Vehicle Accident

0.840

0.616

1.14

Work Pressure

0.524

0.242

0.985
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Table 27 – LOC Code (Data Set A)
Serial

Location

Examples

Count

1

Head / Face / Neck

Eyes, mouth, brain, cranium, head –
multiple locations, ear

144

3

Upper trunk

Chest, upper back

54

4

Lower trunk

Abdomen, lower back, back
(unspecified), pelvis

302

5

Upper Limbs

478

6

Lower Limbs

235

7

Multiple

Multiple injuries, or multiple body parts,
neck and trunk, neck and shoulder, back
–other and multiple, trunk and limbs

169

8

Psychological

Stress, harassment, violence

37

9

Other

Other & multiple systemic conditions,
respiratory, skin, unspecified locations

20

Table 28 – MOI Code (Data Set A)
Serial

Location

Examples

Count

1

Head / Face / Neck

Eyes, mouth, brain, cranium, head –
multiple locations, ear

144

3

Upper trunk

Chest, upper back

54

4

Lower trunk

Abdomen, lower back, back
(unspecified), pelvis

302

5

Upper Limbs

478

6

Lower Limbs

235

7

Multiple

Multiple injuries, or multiple body parts,
neck and trunk, neck and shoulder, back
–other and multiple, trunk and limbs

169

8

Psychological

Stress, harassment, violence

37

9

Other

Other & multiple systemic conditions,
respiratory, skin, unspecified locations

20
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Table 29 – Partitioning Analysis of LOC and MOI Codes.
Combinations

Mean

Count

MOI Codes 15, 13, 3, 4, 10, 5, 11 & 7

27.0

459

MOI Codes 1, 9, 8, 2,& 12 with LOC
Codes 8, 7, 9 & 5

67.3

409

Table 30 - Proportional Hazard Analysis of MOI and LOC Codes.
MOI Code

Hazard Ratio

Lower CL

Upper CL

Slips / trips / falls

0.743

0.583

1.00

Lifting

0.575

0.464

0.763

Hitting object

1.38

1.08

1.86

Hit by object

1.23

0.961

1.65

Crush / trapped

0.996

0.608

1.58

Vehicle accident

0.846

0.612

1.20

Muscular Stress (no
object)

0.623

0.496

0.832

Harassment / bullying /
violence / stress

0.815

0.483

1.33

Chemical contact

1.04

0.606

1.72

Animal / insect bite / sting

0.953

0.528

1.61

Posture / steeping /
kneeling / sitting /
repetitive movement

0.474

0.307

0.725

Heat injuries / burns /
electrical / biological
exposure

2.01

1.18

3.31

Other / multiple categories

1.25

0.0879

5.08

LOC Code

Hazard Ratio

Lower CL

Upper CL

Head / Face / Neck

1.27

1.02

1.60

Upper trunk

1.29

0.965

1.73

Lower trunk

1.09

0.904

1.34

Upper Limbs

0.991

0.834

1.21
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Lower Limbs

1.02

0.838

1.27

Multiple

0.935

0.762

1.17

Psychological

0.676

0.395

1.16

Table 31 - Descriptive analysis of Age by Quartiles (Data Set A)
100.0%

68

99.5%

63

97.5%

59

90.0%

53

75.0%

44.

50.0%

32.

25.0%

23

10.0%

19

2.5%

17

0.5%

16

0.0%

15
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Table 32 - Descriptive analysis of Income by Quartiles (Data Set A)
100.0%

8004.0

99.5%

1176.6

97.5%

960.5

90.0%

904.2

75.0%

767.8

50.0%

622.2

25.0%

373.3

10.0%

254.3

2.5%

164.9

0.5%

70.1

0.0%

33.1

Table 33 - Descriptive analysis of Work Hours by Quartiles (Data Set A)
100.0%

42

99.5%

40

97.5%

38

90.0%

38

75.0%

38

50.0%

38

25.0%

38

10.0%

35

2.5%

16

0.5%

10

0.0%

4
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Table 34 - Descriptive analysis of Workplace Size by Quartiles (Data Set A)
100.0%

500

99.5%

500

97.5%

500

90.0%

500

75.0%

150

50.0%

150

25.0%

150

10.0%

60

2.5%

10

0.5%

10

0.0%

5

Table 35 - Descriptive analysis of Days to Insurer Notification by Quartiles (Data
Set A)
100.0%

2380.0

99.5%

1275.7

97.5%

232.0

90.0%

111.8

75.0%

76.0

50.0%

19.0

25.0%

7.0

10.0%

3.0

2.5%

1.0

0.5%

0.0

0.0%

0.0
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Table 36 – Proportional Hazards Analysis of Nominal Variables,
Data Set A
Variable

Hazard Ratio

Lower CL

Upper CL

Age

0.991

0.983

0.998

Work Hours

1.010

0.997

1.030

Income

1.000

1.000

1.000

Days to
Notification

1.000

1.000

0.990

Workplace Size

1.000

1.000

1.000

Table 37 - Descriptive analysis of Days to Endpoint by Quartiles (Data Set B)
100.0%

291.00

99.5%

243.65

97.5%

201.00

90.0%

141.00

75.0%

105.00

50.0%

72.00

25.0%

26.00

10.0%

7.00

2.5%

0.00

0.5%

0.00

0.0%

0.00
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Table 38 – Descriptive Analysis of the Final Medical Certificate

Medical Certificate Type

Count

Percentage

Unfit

2217

24.5%

Resumed

4171

46.1%

Modified Duties

1995

22.1%

Alternate

662

7.32%

Table 39 – One way ANOVA Gender against Days to Endpoint (Data Set B)
Gender

Minimum

10%

25%

Median

75%

90%

Maximum

F

0

10

34

84

110

149

291

M

0

5

22

66

102

137

281

Table 40 – Descriptive Analysis of Occupation (Data Set B)
Occupation

Count

Other Miscellaneous Trades and Related Workers

633

Truck Drivers

412

Other Miscellaneous Labourers and Related Workers

382

Other Process Workers

281

Store persons

277

Other Intermediate Machine Operators

271

Registered Nurses

254

Police Officers

223

Personal Care and Nursing Assistants

213

Secondary School teachers

184

Motor Mechanics

131

Other Specialist Managers

127

Structural Steel and welding tradespersons

125
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Sales Assistants

119

Metal Fitters and Machinists

118

Other Managing Supervisors (Sales and Service)

116

Plumbers

113

Sportspersons Coaches and Related Support Workers

101

Table 41 – Proportional Hazard Analysis of Selected Occupations.
Occupation

Count

Hazard Ratio

Lower CL

Upper CL

Carpentry and
Joinery
Tradespersons

148

1.25

1.06

1.49

Guards and
Security
Officers

79

1.07

0.851

1.34

Other
Professionals

83

0.933

0.747

1.16

Other
Specialist
Managers

96

1.07

0.870

1.32

Truck Drivers

380

0.949

0.846

1.07

Cleaners

159

0.687

0.582

0.810

Other Process
Workers

240

0.727

0.633

0.835

Personal Care
and Nursing
Assistants

196

0.834

0.717

0.970

Police
Officers

181

0.831

0.711

0.971

Registered
Nurses

236

0.873

0.759

1.00

Secondary
School
Teachers

131

0.681

0.568

0.816

Welfare and
Community
Workers

121

0.848

0.704

1.02
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Table 42 – Proportional Hazards Analysis of Diagnosis (Data Set B)
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Diagnosis

Count

Hazard
Ratio

Lower CL

Upper CL

(Osteo) arthrosis / arthritis

16

0.824

0.494

1.37

Acquired Brain Injury - Mild

2

0.303

0.0181

1.26

Acquired Brain Injury Severe

1

NC

NC

NC

Asthma

7

0.543

0.205

1.26

Back pain, strain (non
traumatic), lumbago, sciatica

1411

0.963

0.854

1.09

Burns, not elsewhere
classified

80

2.81

2.18

3.62

Carcinoma in situ of skin

2

0.227

0.0135

0.944

Carpal tunnel syndrome

102

0.520

0.413

0.656

Cerebrovascular disease

10

0.524

0.250

1.10

Chemical burn

16

2.43

1.45

4.05

Chronic bronchitis,
emphysema and allied
conditions

2

0.643

0.0384

2.68

Chronic joint & ligament
disorder

9

1.10

0.524

2.30

Cold Burn

1

5.08

0.304

21.2

Complex regional pain
syndrome type 1

2

0.732

0.0437

3.04

Concussion and other
intracranial injury, not
elsewhere classified

57

1.33

0.968

1.84

Contact dermatitis

14

0.754

0.405

1.41

Contusion, bruising, crushing
and traumatic soft tissue injury

758

1.31

1.15

1.49

Damage to artificial aid(s)

1

NC

NC

NC

Deafness

200

2.20

0.831

5.10

Disc displacement, prolapse,
degeneration or herniation

333

0.668

0.573

0.779

Diseases of the digestive
system, not elsewhere
classified

1

0.279

0.0167

1.16

Diseases of the
musculoskeletal and

47

0.942

0.690

1.29
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connective tissue, not
elsewhere classified
Disorders of Muscle and
related - not elsewhere
classified

1

0.912

0.0545

3.79

Disorders of nerve roots,
plexuses and single nervous
system

20

1.01

0.639

1.59

Disorders of synovium and
related - not elsewhere
classified

4

0.765

0.130

2.33

Disorders of the conjunctiva
and cornea

6

2.59

0.976

6.00

Disorders of the spinal
vertebrae and intervertebral dorsopat

4

0.263

0.0856

0.679

Effects of weather, exposure,
air pressure and other external

4

0.871

0.283

2.25

Electrical burn (not lightning)]

5

1.86

0.701

4.31

Electrocution, shock from
electric current (not involving
light)

12

0.701

0.334

1.47

Epicondylitis

119

0.671

0.543

0.830

Fibromyalgia, fibrositis &
myalgia

2

1.02

0.173

3.11

Foreign body on external eye,
in ear or nose or in respiratory

38

3.15

2.09

4.74

Fracture of vertebral column
without mention of spinal cord
lesion

21

0.995

0.630

1.57

Frozen shoulder (adhesive
capsulitis)

16

0.380

0.220

0.658

Full dislocation, acute
subluxation

39

1.02

0.728

1.44

Fungal conditions - Mycoses

1

10.1

0.601

42.1

Ganglion, Trigger finger,
Dupuytrens contracture

21

0.451

0.285

0.712

Hernia

251

0.716

0.604

0.849

Hypertension (high blood

1

1.61

0.0963

6.71

P a g e | 177
pressure)
Infectious and parasitic
diseases, not elsewhere
classified

6

0.877

0.366

1.88

Infectious arthropathies &
other specific arthropathies

2

0.712

0.121

2.17

Injuries to nerves and spinal
cord, not elsewhere classified

2

1.74

0.296

5.31

Internal injury of chest,
abdomen and pelvis

4

1.92

0.623

4.94

Ischaemic heart disease

15

1.16

0.653

2.04

Joint & other articular
cartilage disorder, not
elsewhere class

159

0.726

0.592

0.890

Laceration or open wound not
involving traumatic
amputation

630

2.35

2.04

2.69

Malignant neoplasm of
lymphatic and haematopoietic
tissue

1

NC

NC

NC

Medical sharp/needles tick
puncture

4

3.26

0.554

9.96

Meniscus
degenerate/detached/
retained/torn

102

0.711

0.567

0.892

Multiple injuries

29

0.832

0.532

1.30

Muscle strain (non traumatic)

569

0.824

0.716

0.947

Neck pain, cervicalgia

178

0.846

0.698

1.03

Osteopathies, chondropathies
and acquired musculoskeletal
deformities

3

0.982

0.319

2.53

Other and unspecified
dermatitis or eczema

6

0.359

0.117

0.926

Other and unspecified injuries,
not elsewhere classified

68

0.705

0.528

0.941

Other diseases

14

0.697

0.395

1.23

Other diseases of skin and
subcutaneous tissue, not
elsewhere classified

37

1.36

0.945

1.96
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Other diseases of the
circulatory system, not
elsewhere classified

9

1.95

1.01

3.75

Other diseases of the ear and
mastoid process

5

0.896

0.291

2.31

Other diseases of the
respiratory system, not
elsewhere classified

16

0.543

0.300

0.984

Other disorders of the eye

7

2.85

1.28

5.78

Other fractures, not elsewhere
classified

794

1.19

1.05

1.36

Other heart disease excluding
ischaemic heart disease

4

4.84

0.823

14.8

Other mental disorders, not
elsewhere classified

14

1.41

0.779

2.56

Other reaction to stressors

744

0.794

0.698

0.904

Other respiratory conditions
due to substances

5

0.380

0.123

0.983

Other soft tissue disorders not elsewhere classified

32

0.892

0.609

1.31

Pain in limb

196

0.645

0.533

0.780

Paraplegia involving spinal
cord lesion

1

1.11

0.0663

4.62

Partial dislocation, acute
subluxation

22

1.27

0.763

2.13

Plantar fasciitis

18

0.574

0.354

0.929

Poisoning and toxic effects of
substances

22

3.26

1.63

6.52

Post-traumatic stress disorder

75

0.789

0.613

1.02

Q-fever

2

0.566

0.0962

1.73

Superficial injury

43

1.30

0.921

1.83

Synovitis and tenosynovitis

43

0.700

0.506

0.968

Tearing away part of the
joint/ligament structure,
avulsion

56

0.750

0.553

1.02

Tearing away part of the
muscle/tendon structure,

93

0.779

0.614

0.989
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avulsion
Tendinitis

360

0.569

0.489

0.662

Traumatic amputation
including enucleation of eye

77

1.48

1.15

1.91

Traumatic deafness from air
pressure or explosion

1

2.18

0.130

9.07

Traumatic joint, ligament
injury not elsewhere classified

416

0.820

0.707

0.952

Traumatic rupture of tendon

55

0.826

0.611

1.12

Traumatic strain of muscles
and tendons - muscle/tendon
trauma

459

0.811

0.699

0.940

Traumatic tear of muscles

25

1.34

0.877

2.06

Ulcers and gastritis

4

1.14

0.429

2.64

Varicose veins

3

1.91

0.622

4.93

Viral Diseases

1

NC

NC

NC
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Table 43 – Condensed Proportional Hazards Analysis of Diagnosis.
Diagnosis

Count

Hazard

Lower CL

Upper CL

Ratio
Burns, not elsewhere

80

2.81

2.18

3.62

630

2.35

2.04

2.69

classified
Laceration or open
wound not involving
traumatic amputation

Table 44 – Proportional Hazards Analysis of Bodily Location (Data Set B)
Bodily Location

Count

Hazard
Ratio

Lower CL

Upper CL

Abdomen - other and
multiple

4

4.91

0.837

14.9

Abdomen -unspecified

1

NC

NC

NC

Abdominal muscles and
tendons

281

0.554

0.471

0.652

Ankle

332

0.950

0.815

1.11

Back - unspecified

393

0.746

0.645

0.863

Back -other and multiple

133

0.698

0.570

0.854

Bodily Location

1

Brain

13

0.439

0.236

0.817

Breast

1

11.0

0.660

45.8

Chest - other and multiple

9

0.986

0.471

2.06

Chest - unspecified

14

1.41

0.778

2.54

Chest muscles

17

1.79

1.11

2.90

Circulatory system

14

1.11

0.628

1.96

Cranium

70

1.00

0.743

1.35

Ear

210

0.892

0.505

1.57

Elbow

251

0.533

0.451

0.630
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Bodily Location

Count

Hazard
Ratio

Lower CL

Upper CL

Eye - other and multiple

9

10.63

5.31

21.3

Eye - unspecified

53

1.44

1.03

2.02

Eyeball

10

3.29

1.57

6.89

Face, not elsewhere
classified

72

1.68

1.25

2.26

Fingers

539

1.30

1.14

1.49

Foot

227

0.853

0.719

1.01

Foot and toes - other and
multiple

2

0.370

0.063

1.13

Foot and toes - unspecified

3

0.903

0.154

2.75

Forearm

161

0.889

0.734

1.08

Genital (reproductive)
organs

10

0.645

0.336

1.24

Hand, fingers and thumb other and multiple

18

0.82

0.508

1.33

Hand, fingers and thumb unspecified

6

1.13

0.429

2.62

Hands

350

0.846

0.726

0.987

Head - multiple locations

15

0.750

0.391

1.44

Head - unspecified locations

54

1.19

0.847

1.67

Head and neck

2

1.34

0.0802

5.54

Head and other

8

1.34

0.641

2.80

Heart

19

0.965

0.570

1.63

Hip

49

0.570

0.416

0.782

Kidney

3

0.684

0.223

1.76

Knee

827

0.578

0.509

0.656

Large colon and rectum

1

0.215

0.0129

0.893

Liver and intrahepatic ducts

1

NC

NC

NC

Lower back

1354

0.649

0.577

0.720

Lower leg

180

0.943

0.780

1.141

Lower limb - multiple

8

1.24

0.623

2.48
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Bodily Location

Count

Hazard
Ratio

Lower CL

Upper CL

Lower limb - unspecified
locations

14

1.03

0.585

1.82

Lung, trachea and bronchus

13

2.36

1.06

4.78

Major proportion of external
surface of body

4

1.10

0.359

2.83

Mouth

69

1.95

1.28

2.99

Neck - internal organs and
glands

4

0.276

0.0900

0.711

Neck - other and multiple

3

9.69

0.582

40.4

Neck - unspecified

162

0.625

0.512

0.763

Neck and Shoulders

65

0.493

0.372

0.653

Neck and spine

50

0.557

0.409

0.759

Neck bones, muscles and
tendons

118

0.632

0.506

0.790

Nose

39

1.11

0.756

1.62

Ocular adnexa

1

4.81

0.289

20.0

Other and multiple systemic
conditions

4

0.432

0.0736

1.31

Other specified multiple
locations

52

0.974

0.710

1.34

Pelvic bones, muscles and
tendons

10

0.700

0.376

1.30

Psychological system

834

0.605

0.534

0.686

Respiratory system

25

0.421

0.253

0.702

Ribs

64

1.24

0.945

1.63

Shoulder

857

0.480

0.423

0.544

Stomach

1

2.12

0.128

8.82

Thumb

217

0.989

0.831

1.18

Toes

35

1.24

0.863

1.78

Trunk - multiple locations

2

1.17

0.0701

4.84

Trunk - unspecified

3

0.540

0.0921

1.64

locations
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Bodily Location

Count

Hazard
Ratio

Lower CL

Upper CL

Trunk and limbs

15

0.673

0.390

1.163

Unspecified locations

13

2.42

0.412

7.36

Unspecified multiple
locations

15

0.982

0.511

1.89

Upper and lower limbs

2

1.28

0.0770

5.31

Upper arm

76

0.579

0.447

0.749

Upper back

92

0.853

0.673

1.08

Upper leg

67

0.898

0.682

1.18

Upper limb - multiple
locations

25

0.520

0.348

0.776

Upper limb - unspecified
locations

20

0.832

0.508

1.36

Wrist

381

NC

NC

NC

locations
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Table 45 – Condensed Proportional Hazards Analysis of Bodily
Location (Data Set B)

Bodily Location

Count

Hazard
Ratio

Lower
CL

Upper CL

Face, not elsewhere
classified

72

1.68

1.25

2.26

Mouth

69

1.95

1.28

2.99

Neck and Shoulders

65

0.493

0.372

0.653

Shoulder

857

0.480

0.423

0.544

Table 46 – Proportional Hazards Analysis of Mechanism of Injury (Data Set B)

Mechanism of Injury

Count

Hazard
Ratio

Lower CL

Upper CL

Being assaulted by a person or
persons

149

0.961

185
0.783 P a g e | 1.18

Being bitten by an animal

10

3.94

1.98

7.84

Being hit by a person

48

1.10

0.777

1.54

Being hit by an animal

40

1.07

0.752

1.54

Being hit by falling objects

262

1.28

1.08

1.52

Being hit by moving objects

463

1.43

1.23

1.66

Being trapped between
stationary and moving object

205

1.44

1.20

1.73

Being trapped by moving
machinery

149

1.20

0.983

1.47

Contact with cold objects

3

0.445

0.147

1.14

Contact with electricity

17

0.896

0.510

1.58

Contact with hot objects

64

2.73

2.06

3.62

Contact with poisonous parts of
plant or marine life

1

3.20

0.198

13.1

Contact with, or exposure to,
biological factors

10

0.622

0.299

1.29

Contact with, or exposure to,
biological factors of human
origin

8

1.23

0.468

2.82

Exposure to environmental cold

2

1.90

0.330

5.74

Exposure to environmental heat

4

0.850

0.324

1.95

Exposure to mechanical
vibration

4

0.616

0.203

1.57

Exposure to mental stress factors

42

0.591

0.429

0.813

Exposure to non-ionising
radiation

1

0.207

0.0128

0.849

Exposure to single, sudden
sound

7

0.6578

0.251

1.51

Exposure to sound from audio
communications equipment

3

NC

NC

NC

Exposure to workplace or
occupational violence

30

0.717

0.493

1.041

Falls from a height

422

0.945

0.812

1.10

Falls on the same level

955

0.838

0.734

0.956

Harassment

265

0.686

0.581

0.810
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Hitting moving objects

163

1.32

1.08

1.60

Hitting stationary objects

341

1.01

0.862

1.19

Insect and spider bites and stings

7

8.57

1.49

25.9

Long term contact with
chemicals or substances

15

0.358

0.203

0.630

Long term exposure to sounds

194

3.96

1.30

10.1

Muscular stress lifting, carry,
putt down object

1496

0.697

0.615

0.790

Muscular stress while handling
objects other

1330

0.683

0.602

0.776

Muscular stress with no objects
being handled

470

0.751

0.647

0.873

Other and multiple mechanisms
of injury

29

0.806

0.523

1.24

Other and unspecified contact
with chemical or substance

8

0.562

0.255

1.13

Other mental stress factors

202

0.877

0.733

1.05

Other variations in pressure

6

2.36

0.778

6.03

Repetitive movement, low
muscle loading

580

0.587

0.509

0.678

Rubbing and chafing

5

0.482

0.184

1.11

Single contact with chemical or
substance

63

1.58

1.13

2.22

Stepping, kneeling or sitting on
objects

390

0.760

0.652

0.887

Suicide or attempted suicide

2

NC

NC

NC

Unspecified mechanisms of
injury

104

0.730

0.572

0.930

Vehicle accident

254

0.957

0.801

1.14

Work pressure

253

NC

NC

NC
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Table 47 – Condensed Hazards Analysis of Mechanism of Injury (Data Set B)
Industry

Count

Hazard Ratio

Lower CL

Upper CL

Contact with hot
objects

64

2.73

2.06

3.62

Long term
exposure to
sounds

194

3.96

1.30

10.1

Single contact
with chemical or
substance

63

1.58

1.13

2.22

Table 48 - Descriptive Analysis of Age by Quantile (Data Set B)
100.0%

81

99.5%

68

97.5%

64

90.0%

58

75.0%

52

50.0%

43

25.0%

32

10.0%

24

2.5%

19

0.5%

17

0.0%

12
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Table 49 – Descriptive Analysis of Income (Data Set B)
100.0%

4896.0

99.5%

2080.2

97.5%

1501.0

90.0%

1148.2

75.0%

862.0

50.0%

642.0

25.0%

140.0

10.0%

21.0

2.5%

21.0

0.5%

1.0

0.0%

1.0

Table 50 - Descriptive Analysis of Work Hours by Percentiles (Data Set B)
100.0%

99

99.5%

50

97.5%

42

90.0%

40

75.0%

38

50.0%

38

25.0%

33

10.0%

21

2.5%

1

0.5%

1

0.0%

1
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Table 51 - Descriptive Analysis of Workplace Size by Quantiles (Data Set B)
100.0%

7365

99.5%

5043

97.5%

2769

90.0%

504

75.0%

166

50.0%

52

25.0%

14

10.0%

5

2.5%

1

0.5%

1

0.0%

1

Table 52 – Proportional Hazards Analysis of Industry (Data Set B)
Industry

Count

Hazard
Ratio

Lower CL

Upper CL

Agriculture

173

0.963

0.812

1.14

Communication

7

3.37

1.50

6.80

Community Services

2306

0.807

0.731

0.89

Construction

939

0.996

0.892

1.11

Electricity, Gas and Water

33

0.835

0.588

1.19

Finance, Property and
Business Services

718

0.996

0.887

1.12

Industry

1

NC

NC

NC

Manufacturing

2047

0.817

0.740

0.902

Mining

32

0.767

0.522

1.125

Public Administration

190

0.774

0.654

0.917

Recreation, Personal & Other
Services

664

1.06

0.936

1.19

Trade

1257

0.900

0.811

1.00

Transport and Storage

710

NC

NC

NC
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Table 53 – Proportional Hazards Analysis
Variable

Hazard Ratio

Lower CL

Upper CL

Age

0.990

0.988

0.992

Work Hours

1.000

1.000

1.000

Income

1.000

1.000

1.000

Days to Notification

0.980

0.980

0.981

Workplace Size

1.000

1.000

1.000

Table 54 – Proportional Hazards Analysis (Log10
Transformation)
Variable

Hazard Ratio

Lower CL

Upper CL

Age

0.991

0.989

0.993

Work Hours

1.00

0.999

1.006

Income

1.00

1.00

1.00

Days to

0.980

0.979

0.981

1.00

1.00

1.00

Notification
Workplace Size
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Table 55 – Proportional Hazards Analysis (Dependent Variable –
Days from Insurer Notification to Endpoint)
Variable

Hazard Ratio

Lower CL

Upper CL

Age

0.994

0.992

0.997

Work Hours

1.00

0.996

1.01

Income

1.00

1.00

1.00

Workplace Size

1.00

1.00

1.00

Table 56 – Proportional Hazards Analysis (Log10 Transformation)
Variable

Hazard Ratio

Lower CL

Upper CL

Age

0.995

0.992

1.00

Work Hours

1.00

1.00

1.00

Income

1.00

1.00

1.00

Workplace Size

1.00

1.00

1.00
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Appendix A2.3

ANALYSIS OF PRESENTATIONS TO THE SICKBAY OF A RAN
WARSHIP DURING AN OVERSEAS DEPLOYMENT
CMDR Ross Mills, RAN (MBChB, BSc, DIH, PGDAvMed, FRACGP, FAFOEM, FAADEP) and ABMED William Taylor,
RAN (BSc Sport and Exercise).

Abstract
Objectives: To describe the pattern of sickbay utilisation and lost time aboard a RAN
Major Fleet Unit during a prolonged overseas deployment. Methods: A prospective
cohort analysis was performed on the ships company of an Australian warship (n =
226) over a 100 day overseas deployment to multiple ports, to analyse sickbay
utilisation (number of consultations) and lost time (number of days on reduced
duties). Statistical Analysis was performed using Regression Analysis, ANOVA and
Partitioning methods. Results: Female gender and smoking were associated with
increased sickbay utilisation and lost time, with males with MEC class 1 or nonsmoking males with MEC 201 or worse were protective of sickbay utilisation, and
being a non-smoking male over 22 years was protective of lost time. Gender, Rank,
MEC, Age and Smoker were all found to be discriminators. BMI was not related to
either sickbay utilisation or lost time. Conclusions: Being a male with no medical
restrictions at the time of deployment was protective of sickbay utilisation, and being
a non-smoking male older than 22 was associated with reduced morbidity.

No

association was found between BMI and either sickbay utilisation or morbidity.

Key Words
Prospective cohort, sickbay utilisation, lost time, Gender, Smoking, Age, BMI.

Introduction
It is recognised that work attendance and absenteeism is governed by more than
purely medical factors (1), and thus medical planners need to consider more than just
injury / illness incidence when constructing health support plans. The literature also
suggests that females and smokers have an increased incidence of being medically
certified for reduced duties (2) with higher lost productive time (3, 4).
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There are also multiple studies which suggest that increasing age may be associated
with increased Absenteeism (5, 6, 7, 8, 9, and 10). There is also some evidence which
conflicts with this, with age either being protective (11), or unrelated (12) to
Absenteeism.

That increasing age is cited by both Consensus Review (8) and

Government Policy (9) suggests that there is a widely held belief that increasing age
is associated with Absenteeism.
In 2004 a retrospective analysis of the ship’s medical journals of RAN major fleet
units was conducted between the years of 1991 and 2003 (13). The authors found an
evacuation (Medevac) rate of approximately 1.2 evacuations per ship year, compared
with USN figures of 2 Medevacs per ship year. Morbidity rates were calculated as
being 0.54 per 1000 man days (95% CL 0.11 – 0.98) during Persian Gulf deployments
and 0.52 (0.23 – 0.82) during refits. Morbidity consisted of summing the days of
Admissions to sick list onboard, Admissions to Hospital and Sick on Leave.
There was a poor correlation between the total sick per 6 months and the number of
man sea days (R2 0.271).
These authors also estimated that (depending upon the size of the ship’s complement)
there will be 1 or 2 medical or surgical emergencies per ship year. These figures have
not been adjusted for the number of ship’s company, although it is implied that this
number is approximately 200. The presenting diagnoses and telephone calls to the
Fleet Medical Officer are discussed, but not sickbay utilisation or lost time rates. The
demographics of the ship’s complement (including gender) were not analysed.
Royal Navy and South African Navy studies have found that female attendance rates
at ship board medical facilities are at least twice the attendance rates of men (14, 15).
The purpose of this study is to analyse current sickbay utilisation rates and patterns,
and morbidity rates aboard a deployed RAN major fleet unit, and to compare these
with historic rates.
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Background
HMAS Newcastle (FFG 06) is an Australian made US designed Oliver Hazard Perry
class escort Frigate, operated by the Royal Australian Navy (RAN). Although usually
manned by approximately 180 personnel, its crew was supplemented (to 226) for a
four month deployment between April and August 2010. HMAS Newcastle has a
Level One medical facility, having deployed with an embarked medical officer. On
this particular deployment there was no capability to undertake pathology analysis,
with ancillary diagnostic aids being limited to urinalysis by reagent strip, ECG
Rhythm strip (no 12 lead capability for the latter half of the deployment), instant tests
for Pregnancy, Troponins, and Pulse Oxymitry. X-Ray and Ultrasound were not
available.

No vaginal speculums were available until the latter stages of this

deployment. Medical decision making was therefore highly dependent on the basic
clinical skills of history, examination and very limited ancillary tests.

HMAS

Newcastle did not carry an embarked helicopter on this deployment.
On 17 April 2010 HMAS Newcastle departed Sydney for a deployment including
Guam, Japan (Yokosuka), Canada (Esquimalt) and Hawaii.

This deployment

included diverting to the Aleutian Islands (Alaska) to Medevac one of its
complement, attending the Canadian Naval Centenary Fleet Review (Esquimalt), and
participating in exercise RIMPAC (Hawaii).
This paper describes the presentations to HMAS Newcastle’s Sickbay during the first
100 days of its deployment, analysing patterns of presentations and morbidity.
Morbidity is assessed as sickbay utilisation (presentations) and lost time (days
certified with a medical chit).

Statistical Analysis
This paper attempts to identify relationships between the demographic variables Age,
Gender, Smoker, Body Mass Index (BMI) and Rank, and Sickbay utilisation and
Morbidity (with the measure of this being provided with a reduced duties medical
chit).
Statistical Analysis was performed using JMP statistical software package version
7.0.2 (SAS Institute).
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Statistical Power can be described as “The power of a statistical test is the probability
that, given that there is a relationship amoung variables in the population, the
statistical analysis will result in the decision that a level of significance has been
achieved. Notice this is a conditional probability. There must be a relationship in the
population to find; otherwise, power has no meaning.” (16) Power is thus related to
sample size, and the effect size being looked for. In the case of this paper, statistical
power is heavily limited by the small sample size.
There are two types of variables used in statistical models: response variables and
predictor variables. The inputted Data are predictor variables with the response
variables being the output of the statistical model. Response Variables (also called
Dependent Variables) are independent of the Predictor (also called Explanatory or
Independent) Variables.
In this paper the Predictor Variables are Age, Gender, BMI and Medical Employment
Classification (MEC).

The RAN uses the MEC numerical classification (17) to

describe and individual person’s employability (and deployability) restrictions (Table
1).

Table 1 – MEC Classification System
MEC Class

MEC Subclass

Employment Restrictions

1

NIL

2

Fit for seagoing duties with restrictions
201

Restricted Range of duties, no specific support required

202

With Pharmaceutical or other Medical support

203

With Advanced Medical Assistant or Nursing Officer support

204

With Clinical Manager, specialist Military Nursing Officer, or
Advanced Practice Military Nursing Officer support.

205

With Medical Officer support

3

Temporarily Unfit for seagoing duties

4

Unfit for RAN

BMI is a mathematical relationship between height and weight (Height2/Weight), and
is used by the RAN as one tool for assigning an individual to a MEC class.
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The Response Variables are:
1. Number of days provided with a Medical Chit (being the total of days Excused
Duties and Selected Duties). This is a marker of lost time and morbidity.
2. Number of presentations to Sickbay. This is a marker of sickbay utilisation.
The following analytic techniques have been used:
1. Descriptive Analysis
2. ANOVA
3. Regression Analysis
4. Partitioning
Descriptive Analysis describes patterns within the data without determining statistical
significance.
Analysis of Variance (ANOVA) analyses the relationship between a continuous
response variable and a categorical predictor variable. It focuses on the differences
between the means of the different groups, measuring the change in the mean of the
response variable when there is a change between the levels of the predictor variable.
This form of analysis assumes that all observations are independent, and that the noise
component of the statistical model is normally distributed.

The Regression

2

Correlation Coefficient (R ) was used as a measure of the proportion of the variability
of the Response Variable explained by the Predictor Variables. R2 is a measure of the
degree of linear association between the Response and Predictor Variables being
studied. The bigger the R2 value (that is, the R2 value being closer to 1.0), the more
the variation in the Response Variable is explained on the basis of the Response
Variable being tested.
Regression analysis (including Bivariate analysis) is a statistical method of modeling
relationships between continuous variables calculating linear relationships (Linear
Regression). This technique is used to identify the presence of statistically significant
relationships between the Predictor Variables and the Response Variable(s).
This form of analysis assumes that:
•

The relationship between the variables is linear
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•

The statistical noise is normally distributed

•

The Response Variables are independent of each other

•

There is constant variance of the Response Variable (the statistical
noise has the same variance for all observations)

Partitioning analyses data on the basis of its population diversity, giving the probably
that the second variable encountered comes from the same class as the first. Decision
trees are based upon identifying splits which cause the maximum reduction in the
population variability. The first splits are the best, with subsequent splits becoming
less meaningful as the group size drops. Splitting was performed to four levels in this
analysis.

Descriptive Analysis
Number of Consultations
The departure (Eastern Australian) time zone has been used for the dates in this
analysis (to avoid adjusting for having crossed the International Date Line). The
Ship’s Company was dynamic during this deployment. For the purposes of the
calculations in the analysis the Ship’s Company has been deemed to be 226. (HMAS
Newcastle left Sydney with 228 personnel, carrying 228 at its peak and 209 at day
100.) Twenty-two percent of the Ship’s Company have not presented to the Sickbay
for treatment. The data includes attendance at Sick Parade, Vaccinations and Medical
Examinations. The distribution of presentations is depicted in Figure 1.
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Figure 1 – Weekly Sickbay Attendances

Key
Green = a week including 2 or fewer days
alongside
Orange = a week including 3 or more days
alongside
Pink = daily average
Blue = trend line

There are three weeks with high presentations, being weeks 6 (a Ship wide viral
illness), 9 (a Ship wide viral illness combined with sailing after a prolonged period
alongside in Pearl Harbour) and 13 (where a Flu Vaccination program was
conducted).
A pattern was also identified between the number of Sickbay presentations and
whether HMAS Newcastle was alongside a port (in a foreign country), just about to
depart from a port, or sailing (Figure 2).
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Figure 2 – Sickbay Presentations by Ship Status

These presentations are presented by frequency for the most common diagnoses
(based on the EpiTrack Descriptor) in Table 2.

Table 2 – Presentation by Frequency
EpiTrack Descriptor

Count

Upper Respiratory Tract Conditions (including URTI)

101

Other Musculo-Skeletal Diseases (excluding knees and backs)

89

Disorders of the Ear, Nose and Throat

81

Other Dermatological Conditions

78

Medical Examinations: Routine, Periodic etc

48

Diseases of the Digestive System (excluding viral, bacterial or parasitic conditions)

47

Vaccinations, Inoculations and Prophylactic Injections

46

Counseling, Specimen Collection and Special Screening

33

Disorders of the Knee

32

Misc. Admin: Routine Medicals

27

Disorders of the Back

26

Injuries Not Due to TAs, Training, Sport of Hostile Action

23

Lower Respiratory Tract Conditions (including Asthma)

22

Other

282

At total of six cases required RTA for medical reasons.

These diagnoses were

Fractured Scaphoid, Shoulder Dislocation and SLAP tear, Pregnancy, Fractured 5th
Metacarpal, Degenerative Knee Arthritis and Abdominal Pain.

The latter two

diagnoses were pre-existing, but not reflected in the MEC. Both the Shoulder and
Metacarpal injuries proceeded to surgery. The pregnancy was Medevaced due to
concerns relating to the potential to develop medical complications of early pregnancy
and to prevent exposure to RADHAZ (Radiation). The patient with abdominal pain
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was female, with a long complicated history of multiple medical (abdominal)
pathologies and a past history of abdominal pain (which was not reflected in her
MEC). No specific diagnosis had been made at the time of writing. None of the
conditions for which these patients were medevaced were reflected in their MEC.
There were an additional four diagnoses requiring management off HMAS Newcastle,
but who were able to rejoin the ship at the completion of their treatment. These
diagnoses were Epididymo-orchitis, Acute Pulpitis (Dental), Renal Colic (Medevaced
to Alaska) and Pneumonia (3 cases).
The variables, the total number of days certified “Excused Duties” (33 days) and
“Modified Duties” (24 days) were summed to produce the Predictor Variable
“Number of Days with Chit”. These variables were not analysed separately due to
their small sample size. The total number of days “With Chit” comprised only 0.25%
of the available man-days in this study (100 days with a ship’s company of 226).
Using the Reference 13 definition of morbidity, this is equivalent to a morbidity rate
of 1.4 days per 1000.
The Ship’s Company is 85.8% male. By comparison, the population which did not
present to Sickbay (22%) was 88.3 % male.
The age range was between 17 and 54, with a mean of 28.0 and median of 26. Age
was not distributed Normally, as depicted in Figure 3 (Normal Distribution
Smooth Curve

and

). The dark colour represents male gender. The population which

did not attend the sickbay (“Non-attender Group”) had a mean age of 28.5 and median
of 26.

Figure 3 – Distribution of Age
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BMI ranged from 18.0 to 37.0, with a mean of 26.1 and median of 26.0. As depicted
in Figure 4, BMI is close to being Normally distributed (Normal Distribution
Smooth Curve

and

). The Non-attender group was also close to being Normally

distributed, with a mean of 26.4 and median of 26.1.

Figure 4 – Distribution of BMI
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The rank of Able Seaman (AB) comprised 43% of the ship’s company and Seaman
(SMN) 8.4%. By comparison, in the group of non-attenders these lower ranks were
slightly under-represented (AB 42% and SMN 6.7%).
Thirty-nine percent of the ship’s company were cigarette smokers.
Twenty two percent (22.2%) of the Ship’s company were MEC 201 or lower (Table
3).

Table 3 – Distribution of MEC
MEC

1

201

202

203

204

205

3

4

Count

178

6

23

15

4

0

0

0

Regression Analysis
Oneway Analysis of Number of Consultations by Gender found females to have more
consultations than males, with the means being significantly different (Tukey-Kramer
HSD). This is depicted in Table 4, with the Confidence Limits (CL) being to 95%.
Females account for 19.8% of the consultations or 1.39 the rate of males.
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Table 4 – Oneway Analysis of Number of Consultations by Gender
Variable

Count

Mean

SD

Std Error

Lower CL

Upper CL

F

32

5.06

4.28

0.757

3.52

6.61

M

194

3.29

3.65

0.262

2.77

3.81

Bivariate Analysis of Number of Consultations found no relationship by Age (R2
0.001), BMI (R2 0.003), or MEC (R2 all 0.000). Comparisons for all pairs of Rank
(using Tukey-Kramer HSD) found no associations, with all CLs including One.
Oneway Analysis of Number of Consultations by Smoker / Not Smoker found no
significant difference between the groups.
Stepwise Regression calculated R2 = 0.090 for Gender, Rank, Smoker, Age, MEC and
BMI against the Response Variable Number of Consultations. This is interpreted as
the Predictor Variables listed accounting for 9% of the variation in the Response
Variable Number of Consultations.
Oneway Analysis of Number of Days of Chit by Gender also found females to have
more consultations than males, with the means being significantly different (TukeyKramer HSD). This is depicted in Table 5. Females account for 34 days on chit
(30.0%), or 2.11 the rate of males.

Table 5 – Oneway Analysis of Number of Days of Chit by Gender
Variable

Count

Mean

SD

Std Error

Lower CL

Upper CL

F

32

1.06

1.95

0.345

0.3359

1.77

M

194

0.41

1.12

0.08

0.25

0.57

Bivariate Analysis of Number of Days of Chit found no relationship by Age (R2
0.003), BMI (R2 0.003), or MEC (R2 all 0.000). Comparisons for all pairs of Rank
(using Tukey-Kramer HSD) found no associations, with all CLs including One.
Stepwise Regression calculated R2 = 0.125 for Gender, Rank, Smoker, Age, MEC and
BMI against the Response Variable Number of Consultations. This is interpreted as
the Predictor Variables listed accounting for 12.5% of the variation in the Response
Variable Number of Consultations.
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Partitioning
The variables identified as being the best discriminators in rank order for Number of
Consultations were:
1. Gender
2. Rank (AB / SMN)
3. MEC (< 201)
4. Smoker
This form of analysis identified the two groups with the least number of consultations
to be Males of MEC 1 (n = 154, mean 3.01) and Non-smoking Males with MEC 201
or higher (n = 25, mean 3.00). The group with the highest number of consultations
was Female with the rank of SMN / AB (n =19, mean 6.68).
The variables identified as being the best discriminators in rank order for Number of
Days on Chit were:
1. Gender
2. Age (22 years)
3. Smoker
4. MEC (< 201)
This form of analysis identified the group with the smallest number of days on chit to
be non-smoking males over the age of 22 (n = 96, mean 0.198). The groups with the
largest number of days on chit were females (n = 32, mean 1.06) and male smokers
with MEC 201 or lower (n = 5, mean 1.4).

Discussion
This deployment had a very high rate of Medevacs, being 18 per ship year compared
with the 1 – 2 per ship year predicted by Reference 13. The morbidity rate was also
found to be significantly higher, being 1.4 days per 1000 compared with 0.54 man sea
days per 1000 at Reference 13. The difference in sample size and study design
between this paper and Reference 13, combined with the lack of demographic data of
the study population in Reference 13, make meaningful comparison between these
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two study groups difficult. Potential explanations for the difference in Medevac and
Morbidity rates between these two studies include:
•

There being a more conservative medical practice aboard HMAS Newcastle
(in the face of geographic isolation, the lack of ancillary diagnostic aids and a
risk averse culture),

•

There having been a change in the cultural approach to illness since 2004, and

•

Personnel posting to sea with pre-existing conditions not reflected in their
MEC (which resulted in half of the Medevacs - if pregnancy is included in this
category).

There was one medical emergency (which required the patient to be Medevaced to
Alaska for definitive treatment) during this deployment, consistent with the
predictions of Reference 13.
Neither age nor BMI were found to be associated with increase sickbay utilisation or
morbidity. That two of the three fractures medevaced subsequently required surgery
suggests that overly conservative medical practice was insufficient on its own to
explain the high Medevac and morbidity rates.
The small population size (n = 226) and the small Number of Days with Chit (0.25%)
markedly weakened the power of this study. The only Predictor Variable with a
statistically significant association with the Response Variables was Gender. Female
Gender is associated with both increased Sickbay utilisation and with being provided
with a modified or excused duties medical chit.
The failure of this study to demonstrate statistically significant associations with the
Predictor Variables Age, Rank, BMI and Smoking may also be a consequence of the
other Predictor Variables not being Normally distributed, and thus not meeting the
underlying assumptions of the Regression model.
Partitioning did however demonstrate an association between the Predictor Variables
Age (17 to 21 year old males), Smoking, MEC, and Rank. BMI was the only
Predictor Variable not to show any degree of association with the Response Variables.
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Although Partitioning is unable to identify statistically significant associations, it is a
useful tool for identifying clusters, and thus hypothesis generation. This form of
analysis found that being a male with MEC 1, or a male with MEC worse than 1 but a
non-smoker are protective of sickbay consultations, and a female of lower rank (AB
or SMN) was associated with increased sickbay utilisation. Being a non-smoking
male older than 22 was protective for lost time, and being a female was associated
with increased lost time.
The findings of Partitioning Analysis for Gender are consistent with the findings of
Regression Analysis.
The findings of increased utilisation of Sickbay by females (and increased time on a
medical chit) are potentially explainable at a variety of levels, including cultural,
different disease / illness patterns. Females populate all of the different occupational
classes onboard HMAS Newcastle, and thus this finding probably does not reflect a
gender difference in work duties or the availability of selected duties. This finding is
consistent with other literature which has also found increased sickness absence in
females.

Conclusions
This study has found high rates of both morbidity and Medevacs during the first 100
days of HMAS Newcastle’s deployment.

Compared with males, females had

increased rates of sickbay utilisation and morbidity. Being a MEC 1 male was
protective of sickbay utilisation and being a non-smoking male older than 22 was
associated with reduced morbidity.
The small size of the study population and the unique nature of this deployment limit
the generalisability of the findings of this study.

Study Implications
These study findings demonstrate that an embarked Medical Officer will be faced by
a wide variety of health conditions encompassing multiple disciplines and subspecialties. The pattern of presentations also has implications for health resource
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planning for mixed gender seagoing deployments, for ensuring that personnel’s MEC
truly reflects their medical status, for the construction of medical watch bills when
alongside (in foreign ports), and for the structuring of ship’s Sick Parade timings
when departing foreign ports.
Operational commanders should therefore expect a level of personnel attrition
(including both temporary and permanent) during sea going deployments of longer
duration, and approximately one medical or surgical emergency every 6 month
deployment.
No evidence was found for any relationship between BMI and the health indicators
sickbay utilisation or lost time.
Further research needs to be conducted to determine the generalisability of these
findings. The small sample numbers prevented any meaningful analysis of a potential
relationship between job stress and morbidity.

This potential association may

however be able to be analysed in a bigger sample, where there is sufficient statistical
power to compare morbidity rates between either departments or employment
categories.
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ABSTRACT
Background: In many workers compensation systems, including those in Australia,
a large proportion of the days lost from work is accounted for by a small proportion
of individuals. It may be possible to identify factors that predict individuals who have
a marked delay in return to work.
Aims: To determine if injured workers with a prolonged return-to-work outcome can
be identified at the time of claim lodgement using workers compensation data.
Methods: Several factors were identified from the literature as potential risk factors
for predicting poor return to work outcomes. 9048 individuals with time lost work
injuries were identified in two Australia workers compensation systems and followed
for a three month period. An analysis was undertaken in an attempt to determine
whether the potential risk factors were able to reliably predict a poor return to work
outcome in this cohort.
Results: Time from injury to insurer notification strongly correlated with return-towork outcome. No other significant association was found. There were multiple
associations between diagnosis, bodily location of injury and mechanism of injury
and return-to-work outcome identified. There was a consistent trend for female
gender to be associated with a prolonged return-to-work outcome. There was no
relationship between age and return-to-work outcome.
Conclusion: Return-to-work outcomes cannot be readily predicted at the time of
claim lodgement using currently collected data and analytic techniques.

P a g e | 218

INTRODUCTION
Being out of work for extended periods of time is bad for a person’s health. The
longer someone spends away from work, the less likely they will ever return (1). In
addition, there is good evidence that people who are injured at work and claim
compensation for that injury have poorer health outcomes that people who suffer
similar injuries but are not involved in the compensation process (2).
In 2007, in the state of New South Wales (NSW) in Australia, 10% of workers with
work-related compensable lost time injuries failed to return to work within 26 weeks
of their injury. These 10% of workers accounted for 50% of the total days lost due to
injury (3). In 2007, in the state of Victoria (VIC) in Australia, of those injured
workers who had at least ten days off work, 22% were still off work 14 to 19 months
after their injury (4).
To date it has not been possible to identify those individuals who have poor return to
work outcomes. If these individuals could be identified prospectively then
interventions could be developed to alter these adverse outcomes. This paper sets out
to determine if it is possible to predict which injured workers will have a prolonged
return-to-work outcome at the time of claim lodgment.
According to the literature, positive worker expectations are associated with good
return-to-work outcomes (5, 6) and workers who blame co-workers or equipment for
their injuries have poorer return-to-work outcomes (7). Positive worker expectations
are also associated with better health outcomes (8, 9, 10, 11, and 12), shorter periods
of care and early return-to-work (13). Perhaps not surprisingly, injured workers seem
to have faith in recovery similar to that of their health care provider (10). Workers
who blame co-workers or equipment for their injuries are more likely to resist
returning to former work activities than workers who judged themselves responsible
for their accident. This is independent of the severity of the injury (14).
Burton et al reviewed 1000 cases and identified the following individual clinical and
psychosocial factors to be predictors of chronic pain and disability; age,
psychological distress, job dissatisfaction, duration of sickness absences, not
employed, return to work expectations, and financial incentives. For low back pain
they found, the pain history to be a predictor of future disability. Strong individual
socio-demographic predictors included older age, duration of current benefits, not
employed, return-to-work expectations, financial incentives, and the local
unemployment rate (15). Pain intensity, poor perceptions of general health,
depression, fear avoidance, catastrophising, pain behaviour, and ethnicity were
weaker predictors. Type of occupation/education, and previous work record were
intermediate individual social-demographic predictors (15).
Attorney involvement is associated with longer return-to-work outcomes (9, 16).
Importantly, receiving compensation payments also adversely affects return-to-work
outcomes (17, 18).
Some studies have attempted to predict which injured workers will have a prolonged
return-to-work outcome.
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Blackwell et al (8) developed a model for predicting return-to-work outcomes and
found that the combination of age (less than 50 years), higher level education,
mandated rehabilitation, timely referral for services, and lack of attorney involvement
significantly predicted improved return-to-work outcomes.

METHODS
In 2007 de-identified data was obtained from two worker’s compensation sources in
Australia, consisting of all significant claims (either resulting in time off work, or
requiring a specific amount of medical treatment costs) lodged between 01 March and
30 June 2007. Each claim was followed for three months from notification, or until
they were certified fit to return to their pre-injury duties (whichever occurred first).
Three months was chosen for follow-up as the most injured workers return to work
within one month of their injury, with the average in 2007 being 26 days (20).
One worker’s compensation source (data set A) was a self insurer in the state of New
South Wales (NSW), involved primarily in the retail sector. In NSW a self insurer is
an employer who meets certain criteria to act on behalf of the state workers
compensation authority as a workers compensation insurance agent.
The second source (data set B) was the Victorian state workers compensation
authority (WorkSafe VIC) based on the injured workers’ workers compensation claim
lodgement forms and their medical certificate.
The data was analysed by descriptive analysis ANOVA, multiple regression,
proportional hazard analysis and partitioning against the response variable “time from
date of injury” to “return to work”. JMP Version 7.0.2 (S.A.S. Institute) was used for
the analysis. Survival and data mining analytic techniques were used to supplement
regression techniques due to the lack of success of regression techniques in
identifying associations.
The level of statistical significance for this study was set at 0.05. When proportional
hazard (Cox regression) analysis was performed hazard ratios of greater than 2.0 or
less than 0.5 were set as the level at which apparent associations were not rejected.
When a 95% confidence interval includes one, apparent associations between the
variable being tested and the return-to-work outcome were rejected.
Power was set to have an 80% probability of being able to distinguish between a
difference in groups of 0.5 standard deviation (equating to a return-to-work outcome
difference off approximately 26 days). This required a sample size of at least 65.
RESULTS
Table 1 summarises the possible predictive variables available for examination. Due
to commonality of claim forms and medical certificates, both data sets collected all of
the data listed in this table, with this table also identifying that data collected but not
accessible for examination. Neither source provided the following data for analysis
(data which was collected by both): the prior normality of the injured part, the
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presence of a witnesses, who the injury was reported to, was there a prior history of
similar injuries, whether they have any secondary jobs, the details of the secondary
employer, the income in their second job, and the hours per week worked in their
second job.
Table 2 summaries the demographics of the injured workers in the two data sets.
With the exception of the time from date of injury to insurer notification, no
relationships where found between the predictor variables and return-to-work
outcomes in data set A. Time from date of injury to insurer notification calculated R2
0.965, which probably represented a large outlier effect of a small number of claims.
Multiple regression analysis of Data Set B calculated R2 of 0.375, with this effect
being lost when time to insurer notification was excluded as a predictor variable.
For gender, there was a consistent trend for female gender to be associated with a
prolonged return-to-work outcome. With data set A, although statistical significance
was not reached, qualitatively females had a longer time to endpoint than males. A
similar trend was found in data set B, with the mean return-to-work outcomes being 80
days (female) and 66 days (male).
With both proportional hazard analysis and partitioning in data set A, certain bodily
location of injury and mechanism of injury were qualitatively associated with
prolonged or shortened return-to-work outcomes, but failed to reach the level of
statistical significance. When the results of both forms of analyses are combined, the
following are associated with a prolonged R.T.W. outcome; lifting, muscular stress
(no object), and posture / steeping / kneeling / sitting / repetitive movement. Only
heat injuries / burns / electrical / biological exposure are associated with a shorted
R.T.W. outcome.
Proportional hazards analysis of data set B found the following injuries to be
associated with a reduced return-to-work outcome; neck and shoulders, and shoulder.
The following injuries were associated with a prolonged return-to-work outcome;
face, not elsewhere classified, and mouth.
In data set B there is a trend for injuries involving a mechanism of injury of being hit
by or hitting objects and falls to be associated with a shortened return-to-work
outcome. There is a trend for repetitive movement with low muscle loading to be
associated with a prolonged return-to-work outcome.
Proportional hazard analysis of data set B found the following were associated with a
prolonged return-to-work outcome; contact with hot objects, long term exposure to
sounds, and single contact with chemical or substance.
On partitioning analysis in data set A, the groupings associated with the shortest
return-to-work outcomes were: days to notification < 50 with certain body locations
and income < $254.35 with mean 17 days, and days to notification >=50 with income
< $241.03 and days to notification < 107 and certain body locations with mean 20
days. Analysis of data set B found the groupings associated with the shortest returnto-work outcomes to be: various bodily locations and mechanisms of injury with age
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<32 and Income < $559 and a mean of 29 days, and various bodily locations and
mechanisms of injury with age >=32 and Income < $168 and a mean of 34 days.
The grouping with the longest return-to-work outcome in data set A was: days to
notification >= 50 with income >= $241.03 and certain body locations with mean 104
days. The grouping with the longest return-to-work outcome in data set B was:
various bodily locations and mechanisms of injury with age <32 and income < $559
and a mean of 29 days, and various bodily locations and mechanisms of injury with
Age >=32 and Income < $168 and a mean of 34 days.
The strongest discriminator on partitioning analysis was diagnosis. The following
diagnoses were associated with prolonged return-to-work outcomes; mean of 143
days – left foot injury, patellofemoral pain, lateral epicondylitis, fractured foot, and
right medial epicondylitis, mean of 122 days – hernia, right shoulder S.T.I. (soft
tissue injury), right neck injury, cervical disc protrusion, and shoulder pain, and mean
of 117 days – sprained right ankle, laceration to nose, supraspinatus tear left shoulder,
upper back strain, left eye laceration, and left shoulder injury.
In data set A (but not B) advancing age was associated with either a shortened or
prolonged return-to-work outcome on proportional hazards analysis and partitioning
(dependent upon which other predictor variables age was grouped with), with no
associations found on ANOVA or multiple regression.
DISCUSSION
In NSW, employers must report all incidents involving an injury or illness where
workers compensation is payable. In VIC, WorkSafe is only notified of a workrelated injury where the injured worker claims for weekly benefits (takes time off
work), where the injured worker claims for medical and like expenses exceeding their
employer’s excess, and where an injured worker’s dependents claim for
compensation. These two states therefore have different entry criteria to their
workers compensation systems, which is likely to account for the observed difference
in return-to-work outcomes (median days to endpoint, 76 compared with 25 days).
Days from date of injury to insurer notification was the one variable to be found
consistently and strongly associated with return-to-work outcomes.
This research found some associations between age, diagnosis, mechanism of injury,
bodily location of injury and time to return-to-work. Although present, these
associations were either too small, or diluted by the large number of sub-groups such
that they are unable to be used to build a predictive model. The relationship between
age and return-to-work outcomes is complex, varying with different predictor
variable sub-categories.
The relationships between diagnosis, mechanism of injury and bodily location of
injury are also complex, being associated with either a shortened or prolonged returnto-work outcome dependent upon the groupings of sub-categories. This observation
may be explainable on the basis that return-to-work outcomes are prolonged in
situations where there is a significant non-medical contribution to an injured worker
being off work
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There was a consistent trend towards female gender being associated with a
prolonged return-to-work outcome.
No significant relationship was found between type of employment, occupation
income, work hours, workplace size, industry and return-to-work outcomes. This
probably reflects the quality of the data (with these groups demonstrating a lack
variation, or too much variation with multiple subgroups of n less than 65).
The major strengths of this paper are the large sample size, the cross-jurisdictional
origins of the data and the analytic methodology (employing parametric and nonparametric statistical analysis, combined with data mining techniques). Associations
which were common to both data sets suggest that these findings are much more
likely to be generalisable.
There are a number of limitations to the work. It is retrospective and some of the data
collected at the time of claim lodgement was not accessible for analysis. Also, some
variables suggested by the literature to be associated with prolonged return-to-work
outcomes were not collected at the time of claim lodgement in the two workers
compensations systems under study. The conservative statistical approach taken
(including restricting sub-groups to n of at least 65) increased the likelihood of any
demonstrated associations as being real, but markedly limited the ability to find
associations (as many subgroups had populations of less than 65). This was
considered to be appropriate to avoid erroneous associations, given the multiple
variables examined.
Other limitations to our work include the lack of a control group, the poor quality of
some of the data (including data inputting errors, missing data, and the potential for
misclassification), the inability to access some of the collected data, and the relatively
short follow-up time. In addition some subgroups were too small for meaningful
analysis.
The literature has identified multiple factors as being associated with going back to
work include having a job to go back to (including being in an area of high
unemployment), positive worker and doctor expectations, occupation, age (less than
50), education, mandated rehabilitation, timely referral for services and lack of lawyer
involvement. Factors associated with staying off work include blaming others for
the injury, worker expectations, sick leave history, older age (55 – 65), lawyer
involvement, psychological distress, unemployed (no job to return to), financial
incentives (and lower income), local unemployment rate, pain intensity, poor
perception of general health, co-morbidity, depression, fear avoidance,
catastrophising, pain behaviour, ethnicity, work demands, less job satisfaction,
smoking and obesity. This paper was unable to test these variables (with the
exception of age).
This research has found that although it is not possible to predict return-to-work
outcomes by multiple regression analysis of our existing data, there are multiple
associations with return-to-work outcomes buried within the data.
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Many of the short comings of this work could be solved if the work could be
performed prospectively, with the information collected specifically designed for this
purpose. Then through a combination of better data management (including cleaning
of data, collapsing of categories, eliminating ambiguity and overlap of definitions,
and improved accessibility), expanding the questions asked at the time of claim
lodgement (to include potentially predictive data identified by the literature), and
utilising different analytic tools (applying data mining techniques before developing
regression models) it may possible to markedly improve the predictability of returnto-work outcomes at the time of claim lodgement. This would create the opportunity
for early intervention for potential problem cases to be addressed early in the claims
process, possibly significantly reducing time lost from work.
Although the literature identified multiple factors potentially associated with
prolonged return-to-work outcomes following a compensable injury, to our
knowledge no studies have been preformed which attempt to predict outcomes at the
time of claim lodgement. This research attempts to fill this gap, finding that the
likelihood of predicting outcomes at the time of claim lodgement can be improved
through a combination of better data management, expanding on the questions asked
at the time of claim lodgement and utilising a combination of data mining and
regression analysis tools.
KEY POINTS:
With the workers compensation data currently collected in Australia, it is not possible
to predict, at the time of claim lodgement which workers will take a long time to
return to work following an injury.
There are multiple associations between predictor variables and return-to-work
outcome buried within the data, but which are currently inaccessible due to the poor
quality of the data.
Prediction of return-to-work outcome can be improved through improving data
management, the collection of appropriate data and utilising a combination of Data
Mining and Regression analysis techniques.
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Table1 – Predictor Variables

Data Set

A

B

DOI

Y

Y

Time of injury

Y

N

Age at DOI (derived)

Y

Y

Gender

Y

Y

Language

Y

Y

Worker Postcode

Y

Y

Employer Postcode

Y

Y

Accident Postcode

Y

Y

Occupation

Y

Y

Industry

Y

Y

Type of employment

Y

Y

Pre-injury Income

Y

Y

Weekly work hours

N

Y

Date claim lodged

N

Y

Date employer notified

Y

N

Date insurer notified

Y

Y

Accident type

Y

Y

Nature of injury (Data Set A describe this as “how
the injury happened”)

Y

Y

Bodily location

Y

Y

Diagnosis

Y

Y

Date of MC

Y

Y

Medical Cert type

Y

N

Work Fitness (called Med Cert Type in Data Set B)

Y

Y

Date of next appointment

Y

N

Number total employees

Y

N

Number FT employees

N

Y

Number PT employees

N

Y

Days to endpoint

Y

Y

Days to Insurer Notification

Y

Y

DERIVED DATA
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Table 2 – Descriptive Analysis of Data Sets
Variable

Data Set A

Data Set B

Population Size (count)

1442

9077

Median Age

33 years

43 years

Percentage Male

41.0%

67.5%

Percentage no lost time

5.52%

7.01%

Median Income

$622

$642

Median Workplace Size

150

52

Median Days to Endpoint

25 days

76 days

S.D. Days to Endpoint

55.5 days

52.8 days

Missing Data

65

1406

Analysable

1377

7671

